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Abstract—Recently, Object-oriented SLAM(Object SLAM)
has attracted extensive research due to its ability to perceive
the environment at a 3d object level. Existing object SLAM
methods mostly focus on constructing 3d object map for static
objects or mitigating the impact of currently dynamic objects
on localization and mapping. However, detection of semi-static
objects whose position change while unobserved still pose a
significant challenge, resulting in outdated maps, which could
lead to localization and robot application failures. In this paper,
we propose a method to compare current observation with the
existing map, enabling the continuous detection and updating of
outdated sections within the map caused by position-changing
semi-static objects. First, we introduce Object Covisibility
Graph(OCG) to maintain the historically observed co-visibility
relationships between objects. Building on this, we design an
algorithm that uses the OCG to determine whether the current
camera is within the observable region of each object, and
subsequently implement an object state updating algorithm to
detect and update outdated sections continuously. We conduct
experiments on our self-make dataset with changing objects and
a dataset with only static objects. The experimental results show
that our method updates the outdated parts of the map more
effectively compared to previous studies.

I. INTRODUCTION

Visual SLAM is a technology for robots to build maps of
the surrounding environment and localize themselves, and has
been widely utilized in fields such as robotic navigation [1].
However, although the maps constructed by traditional Visual
SLAM are rich in geometric information, they lack object-
level information about the environment, which restricts the
robot’s performance in more advanced applications such as
intelligent obstacle avoidance, human-robot interaction, and
object recognition.

Building upon this, recent researches have focused on
developing Object SLAM methods capable of object-oriented
localization and map construction approaches, in which ob-
jects are typically represented by lightweight models such as
cubes and quadrics [2], [3] or more resource-intensive repre-
sentations like truncated signed distance functions(TSDFs)
[4]. Some methods [5], [6] concentrate on improving the
accuracy of object map generation or leveraging the generated
object maps to enhance system relocalization performance
[7], [8] both in static scene, while some other researchers aim
to handle dynamic scenarios [9]–[11], focusing on tracking
currently moving objects or using semantic segmentation to
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Fig. 1. Comparison between VOOM, EAO-SLAM and our method on our
self-make dataset with a changing scene. (a) Before change. (b) After change.
The first column illustrates a semi-static scene where object positions change
while unobserved, highlighted in gray. The subsequent columns present the
results of each method. When the changes is observed, EAO and VOOM
fail to mitigate the impact of semi-static objects, as marked in blue, while
our method effectively eliminates the influence, marked in orange.

filter out potentially dynamic objects, thereby mitigating their
impact on localization and mapping. However, these methods
overlook those semi-static objects whose positions change
while unobserved, such as chairs in a room or cars in a
parking lot, leading to parts of the constructed object map
becoming outdated. Since these methods lack a process for
comparing current frame observations with the existing map,
accurately identifying these objects with changing positions
still remains a challenge for current object-oriented mapping
approaches, causing the decrease of the localization and
mapping accuracy in scenarios with semi-static objects.

In this paper, we propose a method to address the problem
of updating outdated object maps in scenarios with semi-
static objects, as shown in Fig. 1. Inspired by the use
of the Covisibility Graph for loop detection in [12], we
propose a new graph structure called the Object Covisibility
Graph (OCG) to store the covisibility relationships between
objects observed in past frames. Note that although similar
concepts are proposed in [7], their essence and objectives
are entirely different. The OCG is then employed to filter
out all the objects in the map for which the current camera
pose lies within their observable regions. i.e., the objects that
should be potentially visible from the current camera pose.
Furthermore, we design an algorithm that gradually identify
and filter out outdated objects by comparing current frame
observation with the objects in the existing map that should
be potentially visible from the current camera pose. Finally,
we conducted experiments on the TUM-RGB-D dataset [13]
and a self-make semi-static dataset, demonstrating that our
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method is able to effectively update redundant or outdated
objects while preserving the non-expired parts of the map in
both semi-static and static environments.

In summary, our contributions are as follows:
• We propose a new data structure called the Object Cov-

isibility Graph, which stores the covisibility relationship
between objects in the scene and can be used to judge
whether the current camera position is in the object’s
observable region.

• Based on Object Covisibility Graph, we propose an
algorithm to solve the problem of updating outdated map
in scenarios with semi-static objects.

• Experiment results on both TUM-RGB-D dataset and
our self-make semi-static dataset demonstrate our
method’s ability to effectively update redundant or out-
dated objects while preserving the non-expired parts of
the map in both semi-static and static environments.

II. RELATED WORK

A. Object-oriented SLAM

With the advancement of robotics technology, there has
been an increasing demand for mapping methods capable of
constructing object-level maps. Some methods [14] employed
semantic segmentation to detect 2D objects, attaching the
semantic labels to 3d map points to create maps enriched with
semantic information. However, since semantic information
is only attached to map points, these methods struggle to
achieve object-level understanding of the scene.

To represent the map at the object level, SLAM++ [15]
firstly proposed the use of CAD models to build a 3D object-
oriented map. However, this method relies on a pre-prepared
database of object models, leading to limited generalization
and constrained object variety. To address this issue, general
object representation models have been proposed, including
lightweight models using cubes [2] and quadrics [3], as well
as more resource-intensive models like TSDFs [4]. Among
these approaches, some focus on integrating object residuals
into the bundle adjustment to boost localization precision
[16], others aim at using object information to improve
loop closure and relocalization performance [7], [8], while
some prioritize constructing high-precision, low-redundancy
object maps [5] [6]. However, these methods are all based
on the assumption of a static environment, which makes
them incapable of handling dynamic world challenges. On
the other hand, some methods concentrate on eliminating
the influence of current dynamic objects on localization [9]–
[11]. Nevertheless, due to the lack of a process for comparing
current frame observations with the existing object map, the
aforementioned methods are unable to address the issue of
outdated map caused by semi-static objects. In this work, we
propose a method that is able to detect semi-static objects
and update the map accordingly while also maintaining the
accuracy of static object mapping.

B. Semantic Mapping in Semi-Static Environments

Semi-static objects, which are typically stationary but may
change position over time, could lead to the outdated parts of

existing object maps, thereby affecting localization accuracy
and robotic applications. As some studies have made effort
on mitigating the impact of semi-static objects on localization
accuracy [17], [18]. these methods lack the ability to reflect
the effects of semi-static objects onto object-level maps,
leaving tasks such as navigation and decision making still
being disrupted. [19] proposed a method that uses instance
segmentation to classify and layer static backgrounds, dy-
namic objects, and semi-static objects into a dense point map,
and successfully mitigated the impact of semi-static objects
within the map. However, its reliance on dense semantic maps
results in significant real-time performance limitations. Sim-
ilarly, voxel-based methods [20], [21] have been introduced,
using Bayesian estimation or weighted voxel differences to
identify and remove outdated parts of the map, thereby
addressing the semi-static issue. Nevertheless, voxel-based
approaches continue to struggle with excessive processing
time and overly large map sizes. [22] proposed a lightweight
mapping method that employs an outlier detection algorithm
based on the distance between object centroids. However, in
real-world scenarios, determining the appropriate threshold
for centroid distance to identify outliers remains challenging
due to the uncertainty in scale. In this paper, we use a
lightweight object map presentation and propose a general-
izable algorithm to address the changing detection problem
in semi-static environments.

III. METHOD

A. System Overview

Fig. 2 illustrates the overview of our system. Overall, our
system takes each frame’s RGB image and the object detec-
tion results as input. First, we use EAO-SLAM [5] to build
an object map, with outdated semi-static objects undetected.
Then, we store the covisibility relationship of objects in
the scene up to the current frame using object covisibility
graph(OCG), introduced in Sec. III-B. Subsequently, we
design a change detection algorithm that performs observable
region judgement and object state updating based on the OCG
and current camera pose, as described in Sec. III-C, D, E.
Finally, an outdated-parts-updated object map is obtained.

B. Object Covisiblility Graph

Fig. 3 shows an example of an OCG in operation. The
OCG is an undirected graph where each node represents
an object in the object map. An edge between two nodes
indicates that the objects corresponding to these nodes can
be observed simultaneously in the same frame, and the value
of the edge represents the number of times they have been
observed together.

The OCG is updated at each keyframe based on the objects
observed in the current frame. This process involves adding
newly observed nodes and edges to the graph, updating
the value of edges between currently observable nodes, and
removing those nodes that have been confirmed as outliers.
Note that since this work does not involve improvements in
visual odometry, the keyframe selection strategy is adopted
from previous works [5], [12].
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Fig. 2. Overview of the system.

C. Object’s Observable Region

We posit that for each object Oi, there exists a set of
camera poses such that the field of view of these camera poses
encompasses Oi or the region surrounding Oi. We refer to
this camera poses set as the object’s observable region. An
example of the observable region is illustrated in Fig. 4(a).

As discussed in Section I, a key aspect of our idea for de-
termining whether an object is outdated is to assess whether
the current camera pose falls within the observable region
of a certain object. In practical scenarios, this judgement
cannot solely rely on the camera’s orientation. Even if the
camera is directly facing the object, factors such as blocking
or viewing distance could cause an object to be undetectable
by the object detection algorithms, resulting the object to
be unobservable in the current frame. In this paper, rather
than directly computing the observable region, we leverage
the concept of first-level adjacent nodes in the OCG to
determine whether the current frame has entered or exited
the observable region, thus inferring the object’s state.

D. Judging Observable Region by first-level adjacent in OCG

In an undirected graph, ”two nodes are n-level adjacent”
means that the shortest path between the two nodes requires
passing through n edges. In the OCG, edges represent co-
visibility relationships between nodes. For a pair of n-level
adjacent nodes, the larger the value of n, the less likely it is
that the two nodes can be seen in the same frame, indicating
that the nodes are relatively farther apart in the real world.

Fig. 3. Example of 3d object map and and Object Covisibility Graph(OCG).
Each node in OCG represents an object within the object map.

Fig. 4. (a) Example of the observable region of an object Oi. Camera pose
A is in the observable region, while B, C, D are outside. B: Near enough
to the Oi, but the orientation is excessively misaligned. C: Too far for the
object recognition algorithm to identify the Oi. D: Blocked by an obstacle.
(b) The relationship between the current observable condition of first-level
adjacent nodes in the OCG with judging whether the current camera pose
has entered of left the observable region of Oi.

Specifically, first-level adjacent nodes in the OCG have
significant meaning. For two nodes Vi and Vj , if Vj is a first-
level adjacent node to Vi (i.e., there exists an edge E(Vi, Vj)
between them), it indicates that these two nodes can be
observed in the same frame, that compared to other nodes,
Vj is relatively closer to Vi in the actual environment.

Based on this feature, for each object i in the map, we
determine whether the current frame lies within its observable
region by assessing whether a sufficient number of its first
level adjacent nodes are currently observable, as illustrated
in Fig 4(b). Specifically, we use the ActiveEdgeRate to
represent the sufficiency of the currently observable first-level
adjacent nodes. Its calculation is shown in the following (1),
where E(Vi, Vj) represents the edge value between node Vi

and Vj , F(Vi) denotes the set of currently observable first-
level adjacent nodes of Vi, and N (Vi) represents the set of
all first-level adjacent nodes of Vi.

ActiveEdgeRate(Vi) =

∑
Vj∈F(Vi)

E(Vi, Vj)∑
Vj∈N (Vi)

E(Vi, Vj)
(1)

Additionally, τobservable is defined as the threshold for the
ActiveEdgeRate. When the object is currently observed,
the current frame pose is considered to be within the ob-
ject’s observable region. If the ActiveEdgeRate is less than
τobservable, we infer that the current frame fails to observe
a sufficient number of first-level adjacent nodes, and the
camera has left the object’s observable region. Conversely,
if the ActiveEdgeRate exceeds τobservable, we infer that
the camera has entered the observable region.
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Fig. 5. State updating algorithm for each object in the map.

E. Object States and Object State Updating Algorithm

From sure to exist to sure to disappear, we classify the
states of all objects in the map into five levels based on
the likelihood that the objects still remain in their original
positions within the scene:

• State 1. Observed in the current frame.
• State 2. Recently observed: Not observed in the current

frame, but the camera has not yet left the object’s
observable region.

• State 3. Unknown: The camera has left the object’s
observable region.

• State 4. Suspicious: Recently and currently not ob-
served, and the camera has re-entered the object’s ob-
servable region. Begin to accumulate DoubtV alue.

• State 5. Outlier: After sufficient observation, the object
is confirmed to no longer be at its original position and
is deleted from the map.

Based on the judgement on whether the current camera
has left or entered an object’s observable region, we design
an algorithm for object state updating as shown in Fig. 5.
Specifically, from the moment an object is observed in the
current frame until the camera moves away from the object’s
observable region, we define the object’s state as recently
observed, i.e., states 1 and 2. When the camera has left the
object’s observable region, the object is in state 3, meaning
the object is currently impossible to be observable. When
the camera re-enters the potential observable region of the
object, it is in state 4, Suspicious, indicating that the process
of checking whether the object still exists has begun. In
this state, We define DoubtV alue to represent the reliability
of the inference that an object has disappeared from its
original position. Specifically, the accumulation process of
DoubtV alue is described in Equ. (2), where P is defined
as a condition variable. P = 1 denotes that the projection of
the object’s centroid on the pixel plane falls within the image
boundaries, and P = 0 denotes that it is not.

DoubtV aluenew =


DoubtV alueold + 30, ActiveEdgeRate = 1 and P = 1

DoubtV alueold + 20, ActiveEdgeRate ∈ [0.5, 1) and P = 1

DoubtV alueold + 10, ActiveEdgeRate ∈ (0.2, 0.5) and P = 1

DoubtV alueold, P = 0

(2)

Fig. 6. Self-make dataset with changing scenes. The camera moves around
a table with a central partition while progressively capturing the scene that
(a) Before changing and (b) After changing. All changing processes are
unobserved.

The DoubtV alue is ultimately assessed when the camera
exits the object’s observable region again. τdoubt is defined
as the threshold for the DoubtV alue. If the DoubtV alue
exceeds the τdoubt, it indicates that after sufficient observa-
tion, the object is still not observed, then it is removed as an
outlier, i.e., state 5. Conversely, If the DoubtV alue fails to
exceed the τdoubt, the object reverts to state 3, Unknown. In
above states, if the object is observed in the current frame,
its state is directed transitioned to state 1.

Occasional failures in object detection could impact the
robustness of the object state updating algorithm, as our
method relies on object detection to determine whether an
object is seen in the current frame. The thresholds τobservable
and τdoubt are pivotal in regulating the method’s tolerance to
such failures. These thresholds can be adjusted, with higher
values providing greater tolerance for detection inaccuracies.

IV. EXPERIMENT

A. Overview

In this chapter, we present the experimental results of
our method. We implemented our system based on EAO-
SLAM [5], a robust object data association and camera pose
estimation system. The system input consists of an RGB
image stream and offline object detection results for each
frame by YOLOv8 [23]. The thresholds τobservable and τdoubt
are heuristically set to 0.2, 50.

To demonstrate our method’s ability to update outdated
maps caused by semi-static objects and due to the lack of
available semi-static scene datasets, we conducted experi-
ments on a self-make semi-static dataset, which primarily
focuses on capturing objects placed on tables similar to the
TUM RGB-D dataset, but also includes semi-static scene
changes. The dataset contains four sequences, all captured
in the same scene but with varying object distributions and
camera trajectories. Fig. 6 shows examples of our self-make
dataset, where the camera moves around to capture objects
on the table, and the positions of several objects change over
time. All changing processes are unobserved.

Besides, to demonstrate that our method can also perform
well in static environments, we also conduct experiments on
TUM RGB-D dataset [13].

B. Metrics

In this paper, we primarily evaluate our method through
two aspects: localization accuracy and object-level data as-
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TABLE I
OBJECT-LEVEL DATA ASSOCIATION COMPARISON RESULTS ON SELF-MAKE SEMI-STATIC DATASET AND TUM RGB-D DATASET [13]. THE BEST

RESULTS ARE HIGHLIGHTED IN BOLD.

Dataset Method Corr. S Unident. S Redun. S Corr. M Delet. S Unident. M Acc. ↑ Prec. ↑ Recall ↑
Self-Make Dataset with Semi-Static Objects

Self straight 1
EAO-SLAM [5] 21 0 1 0 0 7 0.724 0.724 1
VOOM [7] 19 2 3 0 0 7 0.613 0.655 0.905
Ours 21 0 1 7 0 0 0.955 0.933 1
GT 21 0 0 7 0 0 – – –

Self straight 2
EAO-SLAM [5] 23 0 2 0 0 10 0.657 0.657 1
VOOM [7] 20 3 2 0 0 10 0.571 0.625 0.870
Ours 23 0 1 9 1 1 0.885 0.875 0.933
GT 23 0 0 10 0 0 – – –

Self round 1
EAO-SLAM [5] 34 0 15 0 0 6 0.618 0.618 1
VOOM [7] 30 4 21 0 0 6 0.492 0.526 0.882
Ours 34 0 7 5 1 1 0.810 0.784 0.967
GT 34 0 0 6 0 0 – – –

Self round 2
EAO-SLAM [5] 34 0 3 0 0 10 0.723 0.723 1
VOOM [7] 32 2 18 0 0 10 0.516 0.533 0.941
Ours 34 0 2 9 0 1 0.919 0.893 1
GT 34 0 0 10 0 0 – – –

TUM RGB-D Dataset [13] with Only Static Objects

Tum fr1 desk 1
EAO-SLAM [5] 15 2 2 0 0 0 0.789 0.882 0.882
Ours 15 2 2 0 0 0 0.789 0.882 0.882
GT 17 0 0 0 0 0 – – –

Tum fr2 desk
EAO-SLAM [5] 22 3 10 0 0 0 0.629 0.688 0.880
Ours 22 3 2 0 5 0 0.688 0.917 0.733
GT 25 0 0 0 0 0 – – –

TABLE II
COMPARISON OF ATE RMSE(M) ON TUM RGB-D DATASET. EACH

SEQUENCE IS RUN 9 TIMES, AND THE MEDIAN RESULT IS RECORDED.

Dataset ORB-SLAM2-mono [12] EAO-SLAM [5] Ours
Tum fr1 desk1 0.157 0.074 0.065
Tum fr1 desk2 0.667 0.735 0.578
Tum fr2 desk 0.880 0.898 0.876
Tum fr3 office 1.230 1.254 1.251

sociation performance. Object-level data association perfor-
mance refers to the precision of associating objects in 2D
frames with objects in the 3D object map, and is typically
used to assess the ability of object SLAM systems to correctly
generate object maps.

The localization accuracy is evaluated by the metric of the
root mean square error (RMSE) of the absolute translation
error (ATE), (i.e. ATE RMSE(m)). For evaluating object-level
association performance, we use the metric of the number
of constructed objects. Unlike many previous works like
EAO-SLAM [5] and VOOM [7], we not only evaluate the
number of generated static objects but also assess the ability
to detect and remove semi-static objects. Specifically, we use
the following six metrics to evaluate our method. Including
correctly generated static objects (Corr. S), unidentified static
objects (Unident. S), redundant static objects (Redun. S),
correct deleted semi-static objects (Corr. M), incorrectly
deleted static objects (Delet. S), unidentified semi-static
objects (Unident. M). All of those metrics represent the
number of corresponding objects, where the first three metrics
represent the ability of generating static objects, and the
last three metrics reflects the ability of detecting semi-static
objects. All of these metrics are manually recorded. The
closer these values are to the ground truth (GT), the higher
the system’s accuracy in object data association.

Additionally, we use accuracy (Acc.), precision (Prec.),
and recall (Recall) to intuitively evaluate the object data asso-

Fig. 7. Visual comparison between VOOM, EAO-SLAM and our method
on our self-make dataset with changing scenes. The changing parts have
been marked, same as Fig. 1.

ciation performance, where Acc. represents overall accuracy,
Prec. indicates the ability to remove redundant objects, and
Recall reflects the ability of avoiding incorrect deletions.

C. Object-level Data Association Results

Table I shows the object-level data association comparison
results of our method with EAO-SLAM [5] and VOOM [7]
on our self-make semi-static dataset and the TUM RGB-D
dataset. Experimental results on the self-make semi-static
dataset demonstrate that our method maintains the same
performance in generating static objects as [5] while signifi-
cantly outperforming [5] and [7] in correctly identifying and
removing semi-static objects that cause outdated parts of the
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Fig. 8. Example of redundant maps. The redundant parts are marked in red.

map. Fig. 7 illustrates the visual comparison between our
method and previous researches on the self-make semi-static
dataset. Previous methods struggle to detect and eliminate
changing parts in semi-static scenes, while our method ef-
fectively updates outdated object maps while preserving the
non-expired portions of the map.

Additionally, due to object detection occasionally produc-
ing different recognition results for the same object, previous
research sometimes generates redundant objects for a single
object, which impacts the accuracy of data association. Since
these redundant objects are usually not updated after being
generated, our method can identify them as outdated semi-
static objects and remove them. Experimental results in both
self-make semi-static dataset and TUM RGB-D dataset show
that compared to previous research, our method is capable
of removing redundant objects while minimizing the risk of
mistakenly deleting static objects. Fig. 8 demonstrates the
effectiveness of our method in removing redundant objects
from the map. For the redundant objects that appear in [5]
and [7], our method can delete them while retaining the actual
existing 3D objects.

However, results on both datasets indicate that our method
could carry a potential risk of incorrectly deleting actual
existing static objects. One possible reason is that although
the camera enters the observable range of the object and and
actually sees the object, the object detection method fails
to recognize the object in the current frame occasionally,
leading the system to incorrectly assume that the object is
not observable within its observable region, and thus deletes
the object mistakenly.

D. Localization Results

Although this paper does not focus on improving local-
ization accuracy, we conducted localization experiments on
the TUM dataset to demonstrate that our method does not
negatively impact localization performance. Table II presents
our localization results. Since both the EAO-SLAM [5] and
our approach are based on the mono mode of ORB-SLAM2,
we compare the localization performance of ORB-SLAM2-
mono, EAO-SLAM, and our method. Although the results
on fr1-desk1 show slightly larger deviations, which may
be attributed to the small size of the scene and the scale
uncertainty in monocular initialization, the overall experi-
mental result indicate that our approach achieves a similar
localization performance compared to ORB-SLAM2-mono.

V. CONCLUSION

In this paper, we present a method for updating outdated
parts of object maps due to semi-static objects. First, we
developed Object Covisibility Graph(OCG) to store the cov-
isibility relationship between objects in the map. Next, based
on OCG, we propose algorithms to judge whether the current
camera pose is within the observable region of an object and
detect outdated objects in the map. Experiment results show
that our method effectively update redundant or out-dated
objects in the map while preserving the non-expired parts
of the map in both semi-static and static environments. The
future work of this paper includes: 1. Tracking and mapping
for dynamic objects. 2. Loop closing and relocalization in
semi-static scenarios.
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