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I. INTRODUCTION

The simultaneous localization and mapping (SLAM) prob-
lem usually has been handled in static environments [1]–[4].
This assumption is valid for the performance comparison of
a variety of SLAM algorithms, but the real world is not a
static environment. In recent years, many SLAM solutions
have been proposed for use in dynamic environments [5]–[9].
But most of them rely on expensive sensors such as a laser
range finder (LRF). In highly dynamic environments, vision
sensors can easily detect moving objects [9]. However, if the
pose of objects change over large intervals, it is difficult to
recognize these movements using vision sensors alone. This
problem was defined in [6] and was referred to as a low
dynamic environment. In the present study, we propose a
novel SLAM method for low dynamic environments using
a pose graph and an RGB-D (red-green-blue depth) vision
sensor.

II. PROPOSED METHOD

Our proposed method is based on pose graph SLAM
[2]–[4]. The nodes represent robot poses, while the edges
constrain the nodes based on the relative measurements
between pairs of nodes. And the proposed SLAM method is
implemented and validated using an RGB-D SLAM system.
The RGB-D SLAM system utilizes the RGB 2D image and
depth data. Using image feature extraction algorithms, the
current node is matched to the past nodes of the graph. Then
the graph nodes and the full trajectory of the robot is formed
as a pose graph structure. After optimizing the pose graph,
the corrected robot trajectory and 3D map can be obtained
[10], [11].

In contrast to the static situation, objects can move or
be moved in dynamic environments. The moving objects
create false constraints between the nodes and general SLAM
algorithms might fail to optimize graphs. However, relatively
fast-moving objects can be detected frame by frame using a
variety of moving object detection algorithms. By contrast,
very low dynamic objects, such as chairs, tables, sofas, and
doors are difficult to detect because the movement occurs
over relatively long intervals. These situations are referred to
as low dynamic environments in [6]. Fig. 1 shows an example
of a low dynamic environment. Before the second visit (x30

to x36), the object moves. The relocation of the object affects
the constraints (red and dotted edges) between the two visits
and the result of the pose graph optimization is distorted, as
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Fig. 1. Example of pose graph SLAM in a low dynamic environment.
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Fig. 2. (a) Result obtained after grouping the nodes. The red and bold
lines represent the grouped nodes. In this case, eight groups are formed,
G1 to G8. (b) Optimized trajectory after pruning the false constraints.

shown in Fig. 2(a). Therefore, the false constraints need to
be removed to avoid incorrect SLAM results. To solve this
problem in an efficient manner, we propose a novel constraint
pruning algorithm.

In the first step, we propose a method for grouping
nodes to facilitate the efficient pruning of constraints. Fig. 1
shows that several false constraints emerge from the object
movement because the robot has a vision sensor that points
ahead and it observes the same object for a period. In
this case, if two groups related to the moving object (the
first and the second visiting groups to the low dynamic
object) can be formed, the false constraints are established
between the two visiting groups. The eight groups, G1 to
G8, are formed as shown in Fig. 2(a) (red and bold lines),
where Gk represents the k-th node group and k is numbered
sequentially according to the time.

Next, if it is revealed that the relationship between the
two groups is incorrect, all of the constraints that connect
the groups can be pruned concurrently. After applying the
error metric to the distorted pose graph, the error values
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Fig. 3. Error metric based on the grouped nodes.

between the grouped nodes are obtained as shown in Fig. 3.
The information related to the object in G2 is no longer
valid because the object has been moved. Therefore, the false
constraints between G2 and G6 produce large errors and the
edges related to G2 are removed. Finally, the pose graph
is reoptimized and the corrected trajectory of the robot is
obtained, as shown in Fig. 2(b).

III. RESULTS AND DISCUSSION

To validate the proposed method, experiments were per-
formed with a mobile robot. The Pioneer 3-AT model was
used as the mobile robot. And the RGB-D sensor used in this
experiment was Microsoft Kinect. The robot moved along a
rectangular path, of which the length of one side is 1.8 m,
three times. After the first trip, the tool cart was moved to
another place. During the second and the third trips, the robot
encountered the moved object.

In Fig. 4, three types of trajectories are compared with the
ground truth result. The conventional graph SLAM results
show a distorted trajectory. However, the result obtained
using the proposed method agrees well with the ground
truth. Fig. 5 shows the 3D maps obtained from the experi-
ment. The results obtained with conventional graph SLAM
(Fig. 5(a)) show that the tool cart appears in several positions.
In Fig. 5(b), however, the proposed method produced the
correct 3D map using the reoptimized graph. The corrected
trajectories of a robot and 3D maps that contained the final
appearance of the dynamic object were obtained successfully.

It is expected that this method will help to improve the
performance of graph SLAM in various dynamic environ-
ments. To encourage debate and the exchange of ideas, two
questions are listed as follows:

1) How can we group the nodes more efficiently?
2) Is it possible to apply the proposed method to 6-DOF

movements in 3D spaces?
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Fig. 4. Four types of robot trajectories obtained in the low dynamic
experiments.
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Fig. 5. The 3D maps obtained from the experiment. (a) Conventional graph
SLAM. (b) Proposed method.
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