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Perception in dynamic obstacle avoidance scenarios is in-
evitably affected by errors from multiple perception mod-
ules, e.g., robot localization, dynamic detection, and trajec-
tory prediction. Existing methods mainly focus on reduc-
ing errors in a single module, overlooking their interactions
and accumulation, which degrade navigation performance.
We propose a systematic framework to mitigate multi-
perception module errors and improve the reliability of dy-
namic obstacle avoidance. The proposed framework inte-
grates two key innovations: an online trajectory refinement
network called Residual-DtACI, and a point cloud-based
dynamic target localization method. The Residual-DtACI
adaptively refines trajectories through multi-expert resid-
ual estimation, while the point cloud—based method im-
proves localization accuracy and robustness to occlusions
and pose variations. We conducted several experiments to
evaluate the proposed framework regarding its effective-
ness in reducing accumulated perception errors. Results
found that errors across different perception modules were
reduced, alleviating error accumulation and enhancing pre-
diction accuracy. In addition, the evaluations on public
benchmarks show significant gains, with Residual-DtACI
improving robot trajectory accuracy by up to 88.5%, and
the point cloud-based method increasing localization ac-
curacy by 59.9%.

1. Introduction

Perception plays a crucial role in the autonomous naviga-
tion of mobile robots in dynamic environments. It pro-
vides comprehensive information about the surrounding ob-
stacles and the robot’s own states. Such information is the
foundation of path planning and decision making, deter-
mining whether the robot can reliably navigate [36]. How-
ever, perception in dynamic obstacle avoidance is unavoid-
ably affected by errors accumulated from different compo-
nents, which ultimately degrade the performance. Most
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Figure 1. This figure shows perception error accumulating in dy-
namic obstacle avoidance. (a) Errors in the robot localization mod-
ule lead to biases in the estimated pose trajectory. (b) Errors in the
dynamic detection module cause inaccurate target localization. (c)
Errors in the trajectory prediction module result in deviations in
predicted motion. As these modules are sequentially coupled, the
errors accumulate, ultimately degrading navigation performance.

existing studies have primarily focused on reducing er-
rors within individual components such as localization and
trajectory prediction. For localization, several works im-
proved SLAM performance by enhancing feature extraction
[23, 25] and tracking robustness under dynamic interference
[16, 33, 39]. For trajectory prediction, destination-guided
strategies have been adopted to address the indeterminacy
in human motion [18, 21, 35].

However, these errors not only exist individually but
also interact and accumulate over time due to the coupling
among modules, directly impacting the effectiveness of dy-
namic obstacle avoidance. Existing works have not system-
atically analyzed and addressed these errors while consid-
ering their accumulated effects. Previous approaches that
concentrate solely on reducing errors within a single com-
ponent [7, 9, 16, 18, 21, 30, 33, 35, 39], while overlooking
the error propagation from preceding and subsequent mod-
ules, cannot effectively reduce the influence of errors on the
navigation system.

To overcome the above challenges, we proposed a frame-
work that systematically addresses cumulative perception
errors throughout the navigation process and improves the
accuracy of dynamic target prediction. Specifically, our
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framework focuses on three key components in the per-
ception pipeline, including robot localization, dynamic ob-
stacle detection, and trajectory prediction. It integrates
trajectory refinement and target localization optimization
to reduce accumulated perception errors and enhance the
reliability of dynamic obstacle avoidance. In particular,
we achieved the framework through two main innovations.
Firstly, we designed the Residual-DtACI network for tra-
jectory refinement. It builds upon the Conformal Infer-
ence method DtACI [10], extending with multi-dimensional
residual prediction. It does not require prior knowledge,
leverages multiple expert estimations, and demonstrates
strong adaptability to different types of trajectory errors. In
addition, we proposed a point cloud—based target localiza-
tion method. This method transforms RGB-D inputs into
3D point clouds of the target through depth back-projection.
The resulting point cloud is then denoised through a filter-
ing function, from which the target’s position is extracted.
In the context of dynamic navigation, and in contrast to ex-
isting 2D localization [20], our method demonstrates im-
proved localization accuracy in datasets with heavy occlu-
sions and pose variations.

We integrated the above two innovations into a unified
framework. Specifically, the Residual-DtACI is applied to
refine the robot pose trajectory in the robot localization
module as well as the predicted human trajectory in the tra-
jectory prediction module. In parallel, the proposed point
cloud-based method is employed in the dynamic detection
module to perform target localization. By systematically
reducing errors across perception modules and mitigating
their accumulation, the framework ultimately enables reli-
able, collision-free obstacle avoidance. The main contribu-
tions are as follows:

* We proposed a framework that systematically analyzes
the sources of perception errors and addresses their ac-
cumulated effects, effectively improving the accuracy of
dynamic target prediction and thereby enhancing the reli-
ability of dynamic obstacle avoidance.

* We proposed an online learning trajectory refinement net-
work called Residual-DtACI. This network adopts trajec-
tory residuals as the loss function to update the weights
of multiple residual estimation experts. Using a unified
scale, it refines both the robot pose trajectory in the local-
ization module and the person prediction trajectory in the
trajectory prediction module.

e We introduced a 3D point cloud-based dynamic target
localization method for the dynamic detection module.
Quantitative experiments demonstrate that this method
achieves higher localization accuracy than conventional
2D approaches, while also providing robustness to occlu-
sions and variations in target pose.

2. Related Works

2.1. Perception Errors in Dynamic Obstacle Avoid-
ance

In visual SLAM, both tracking and mapping are affected by
multiple factors, including illumination changes, dynamic
objects, and scene texture characteristics, which inevitably
introduce localization errors. To address these issues, sev-
eral works have sought to reduce photometric error to im-
prove the accuracy of camera pose tracking [7, 9, 30]. Other
approaches attempt to remove dynamic feature points to
mitigate the interference of moving objects [16, 33, 39].
In addition, alternative feature representations, such as 3D
Gaussians [23] and neural point clouds [25], have been ex-
plored to improve reconstruction quality in complex and
highly textured 3D environments. Moreover, in the detec-
tion module, YOLOvS8 [13] balances speed and accuracy,
enabling real-time detection on resource-constrained hard-
ware. However, existing localization methods often neglect
the geometric structure of objects, relying on 2D informa-
tion for position estimation, which leads to errors [20].
Human trajectory prediction is particularly challenging
due to the dynamic nature of human motion, such as the
unknown long-term goals and the influence of social in-
teractions on individual behavior. Recent studies have fo-
cused on forecasting long-term destinations as an interme-
diate step, first estimating the destination and then generat-
ing the trajectory [18, 21, 35]. Recently, PPT [18] adopts a
progressive approach that enables the model to capture both
short-term dynamics and long-term dependencies. Other
works have emphasized the role of group dynamics by ex-
plicitly modeling pair-wise and higher-order interactions
[1, 15, 34]. MART [15], for instance, employs a hyper-
graph transformer network to capture both individual be-
haviors and group-level influences. Overall, existing works
primarily focus on addressing errors within individual mod-
ules, while overlooking cross-module interactions and ac-
cumulation of errors. Therefore, in this work, we aim to
systematically address accumulated perception errors.

2.2. Trajectory Refinement

Trajectory refinement has emerged as an effective strategy
to reduce prediction errors and has been widely applied in
motion prediction for autonomous driving [6, 11, 19, 27, 40,
41]. Shi et al. [27] incorporated local map information as
fine-grained trajectory features to refine predictions. Other
studies employed residual learning by adopting a simple
MLP to predict residuals [11] or introducing angular con-
straints to enhance refinement [19]. In addition, Zhou et al.
[40] proposed a scenario-adaptive framework that dynami-
cally adjusts the refinement process to improve prediction
efficiency. Trajectory refinement has also been applied in
human trajectory prediction. Yoon et al. [38] employed
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Figure 2. Overview of the proposed framework for systematically addressing perception errors in dynamic obstacle avoidance. The
framework consists of three key modules: the robot localization module, which adopts ORB-SLAM3 as the baseline and applies the
proposed Residual-DtACI network to refine the robot’s pose estimation trajectory; the dynamic detection module, which uses YOLOv8
for person detection and incorporates our point cloud—based method to improve dynamic target localization accuracy; and the trajectory
prediction module, which employs PPT as the baseline predictor and integrates the Residual-DtACI with a unified scale to reduce trajectory
prediction errors. Overall, the proposed framework systematically reduces accumulated perception errors.

convolutional neural networks to refine predicted trajecto-
ries, while Wang et al. [29] focused on modeling future
interactions among multiple agents to optimize refinement.
However, these refinement methods lack a unified scale ap-
plicable across different trajectory tasks in robotic systems.

3. Method

As illustrated in Fig. 2, we proposed a framework to reduce
accumulated perception errors in dynamic obstacle avoid-
ance scenarios. This framework focused on reducing errors
in three components, which are robot localization, dynamic
detection, and trajectory prediction. As a whole, these three
modules provide the robot with comprehensive perception
information for dynamic navigation, including surrounding
obstacles, self-localization, and target trajectory estimation.
We developed an online learning network of trajectory re-
finement called Residual-DtACI, which performed refine-
ment on both robot pose trajectories and dynamic target
prediction trajectories within a unified structure. In addi-
tion, we introduced a point cloud—based method to improve
the accuracy of object localization in the dynamic detection
module. First, we adopted ORB-SLAM3 [5] to estimate the
robot’s pose trajectory from RGB-D image inputs and ap-
plied our proposed Residual-DtACI network for trajectory
refinement. Next, YOLOvS8 [13] was employed to detect
pedestrians in RGB images, and depth information was in-
corporated with our method to generate 3D point clouds of
the detected persons. A filtering function was then applied
to denoise the point cloud, and oriented bounding boxes
were used to extract the person’s localization. Finally, we

employed Progressive Pretext Task learning (PPT) [ 18] pre-
dictor to predict future trajectories of the persons, which
were further refined using the Residual-DtACI. The refined
trajectories were subsequently integrated into the navigation
path planner to enable reliable dynamic obstacle avoidance.

3.1. Accumulation of Perception Errors in Dynamic
Obstacle Avoidance Scenarios

This section describes how perception errors accumulate in
the process of dynamic obstacle avoidance scenarios. First,
in the SLAM process, dynamic objects, sensor noise, and
long-term drift, which affect the capture of feature points,
may cause the estimated robot pose Pt to deviate from its
ground truth P!, which inevitably introduces a pose error
el. This can be expressed as follows:

Pt =Pt ¢t (1)

Next, YOLOVS provides high detection accuracy with
relatively fast inference speed to obtain the person mask.
By combining the mask of the person with the depth image,
the depth values Z(u, v) corresponding to the masked pix-
els are retrieved. Through the intrinsic matrix K and the
extrinsic transformation 15,?, the estimated person localiza-
tion Txf is obtained. However, due to noise in the point cloud
and errors in the extrinsic parameters (the robot pose esti-
mation error), an additional error term E;(Ef,) is introduced,

which can be formulated as:
Mt Dt _ t t t
T,=PF, - K-Z(u,v) =T, +¢,(c) (2)

Finally, a sequence of person localizations is used as the
observed trajectory input to the trajectory predictor in order
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to forecast the person’s future trajectory. However, due to
the indeterminate nature of human motion, existing models
can hardly achieve highly accurate predictions, which in-
troduces a trajectory prediction error ¢ ‘**+H This error
is further influenced by the preceding errors, as formulated
below:

At Lt H (Lt ¢l H | b LtbH (ot ot
7 = g(Tp ) =T +e; (ap,ar)

3)

Therefore, accumulated perception errors need to be ad-

dressed systematically. In our framework, we explicitly in-

troduce refinement and correction mechanisms at multiple
stages to reduce error propagation across the pipeline.

3.2. Trajectory Refinement
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Figure 3. Architecture of the proposed Residual-DtACI network.
The network consists of multiple expert models that perform on-
line residual prediction. Their weights are updated using an Lo
loss, with a smoothing mechanism applied to prevent expert col-
lapse and maintain expert diversity.

Trajectory refinement aims to minimize the deviation be-
tween the ground-truth trajectory 7*+# and the predicted
trajectory 7+ H  In this stage, we leverage both the past
ground truth and predicted trajectories {7, T} as in-
puts to compute the offset AT =T — T'. This offset is then
used to refine the future prediction. We adopt an L loss to
optimize the process:

~ 2
£l = HATtd—ATthQ, Vi<d<D  (4)

where D denotes the dimensionality of the trajectory,
and the loss is computed independently for each dimension.

3.3. Residual Dynamically-tuned Adaptive Confor-
mal Inference

Building upon the trajectory refinement loss function in-
troduced above, we further modified the Dynamically-
Tuned Adaptive Conformal Inference (DtACI)[10] frame-
work with our model and designed the proposed Residual-
DtACI network, as shown in Fig 3. This network enabled
online correction of predicted trajectories, allowing the sys-
tem to rapidly adapt to distributional shifts without relying
on prior knowledge of the underlying dynamics.

The network consists of multiple experts that perform
error estimation fifl in parallel. Each expert ¢ is updated
based on the gradient of the residual loss V.£¢, while adopt-
ing a distinct learning rate v* to control the update speed.
Larger values of v enable faster adaptation to abrupt distri-
butional shifts, whereas smaller values lead to more stable
but slower updates. The update formula is as follows:

ity it L = it At =y (5)

Each expert’s weight w! is adaptively adjusted according to
its loss £¢, where the exponential weighting scheme places
greater emphasis on recent performance. The parameter 7 is
a hyperparameter that adjusts the speed at which the weights
change and determines the sensitivity of the update:

W) + wiexp(-nLy), V1<i<k (6)

After the exponential weighting, a smoothing step is ap-
plied to preserve weight diversity by mixing the normalized
weights with a uniform distribution, ensuring that no expert
loses all of its weight and that all experts retain a minimum
probability of being selected. The o is a smoothing coeffi-
cient:

114
Wiy (1_U)L+f

ki
i=1 Wi

Vi<i<k (7)

Based on the probability distribution of each expert

pi, 1, the final prediction correction 7{, ; is obtained as the

weighted average of all expert predicted residuals rzflz

k i
~d i .i,d i Wit
Tey1 = Zp7£+17 L T ey e J (8)
i=1 Dic1 Wi
Finally, the correction values for each dimension are
added to the corresponding predicted trajectory, thereby
completing the refinement of the trajectory:

T/irl =T, +7f,, V1<d<D 9)
3.4. Point Cloud- based Dynamic Target Localiza-
tion

This section introduces a point cloud-based dynamic target
localization method, which is designed to reduce the local-
ization errors that occur during the dynamic detection pro-
cess. Traditionally, localization is performed by applying
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the YOLOVS detection model to obtain bounding boxes of
persons from RGB images [20]. The center of each bound-
ing box, together with the corresponding depth value, is
then transformed into the world coordinate system and re-
garded as the center position of the person, as illustrated in
Fig. 4(a). However, this approach overlooks the inherent
three-dimensional characteristics of a person, which often
leads to errors in center localization.

(a) Traditional Localization Method

Persan 0.93

Localization

Detection Depth Value

(b) Our Proposed Localization Method
— —
3
¢
W 1
OBB

Point Cloud

Segmentation

Depth Value Localization

Figure 4. Illustration of dynamic target localization methods. (a)
Traditional 2D approach using detection and depth value at the
center of the box. (b) Our proposed point cloud-based method
integrates segmentation, depth values, and point cloud cleaning
with OBB to improve localization accuracy.

Thus, to better capture the 3D characteristics and spatial
geometric structure of a person, we propose a point cloud-
based dynamic target localization method. The proposed
method allows for a more accurate estimation of the per-
son’s center position in environments, as illustrated in Fig.
4(b).

We used the YOLOVS segmentation model to obtain the
person mask (u,v) and extracted the corresponding depth
values Z(u,v). These pixel depth pairs were then trans-
formed into the world coordinate system using the camera
intrinsic matrix K and extrinsic parameters [R | T'], result-
ing in the person point cloud 7},

Tp(u,v) = R (Z(u,v) K '[u,v,1]7) + T (10)

The extrinsic matrix [R | T| = P, P, is the composition
of the robot’s pose in the world coordinate system P, and

the camera’s pose relative to the robot P,. Since the camera
is rigidly mounted on the robot, P. is typically fixed. Next,
to eliminate the influence of noise in the person mask, we
applied the Statistical Outlier Removal (SOR) filter function
to clean the raw point cloud. For each point, the mean dis-
tance to its k nearest neighbors was computed. Any point
with a mean distance greater than threshold Dy,,x was con-
sidered an outlier and removed:

Dpax =pp+AXxo (11)

Following cleaning the point cloud, an Oriented Bound-
ing Box (OBB) was fitted to the target person’s point cloud,
and its center was taken as the person’s localization.

4. Experiment

In this section, we elevated the effectiveness of our pro-
posed framework in systematically reducing accumulated
perception errors in dynamic obstacle avoidance scenarios.
First, we validate the quantitative benefits of our methods
in reducing errors on the three key perception modules,
which are robot localization, dynamic detection, and trajec-
tory prediction. Subsequently, we evaluate the performance
of the complete framework on the THUD++ [17] dataset
to demonstrate its ability to systematically reduce accumu-
lated perception errors. In particular, our experiments are
designed to answer the following four research questions:
* What is the quantitative benefit of trajectory refinement in
reducing errors of robot pose trajectory estimation?
* What is the quantitative benefit of the point cloud—based
method in reducing errors of dynamic target localization?
* What is the quantitative benefit of trajectory refinement in
reducing errors of person trajectory prediction?
* What are the quantitative benefits of the complete frame-
work in reducing accumulated perception errors across
the perception pipeline?

4.1. Trajectory Refinement for Robot Pose Trajec-
tory

We adopted ORB-SLAM3 as the baseline SLAM system
and incorporated our Residual-DtACI network for robot
pose trajectory refinement. Experiments were conducted on
the TUM RGB-D [28] dataset, including 5 static sequences
and 4 dynamic sequences, with the dynamic sequences con-
taining highly dynamic objects interference. In addition
to the baseline, we compared our approach with several
state-of-the-art methods. For the dynamic sequences, we
selected methods specifically designed to handle the inter-
ference of dynamic objects, Dynamic-VINS [33] and ViQu-
SLAM [16]. For the static sequences, we included meth-
ods that emphasize accuracy in static environments, Point-
SLAM [25] and GS-SLAM [23].

For evaluation, we used the Root Mean Square Error
(RMSE) from the Absolute Trajectory Error (ATE). Prior
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to error computation, all estimated trajectories were aligned
to the ground truth using the SE(3) Umeyama alignment
method. The Residual-DtACI network employs three error
estimators with learning rates «y of 0.1, 0.2, and 0.4. The
weight update parameter 7 is set to 2.72, and the smoothing
coefficient o is fixed at 0.001.

TUM RGB-D Static Dataset Table | reports the track-
ing results on the TUM RGB-D static dataset. Our method
achieved consistently better robot pose tracking perfor-
mance than the baseline ORB-SLAM3. In most sequences,
the Residual-DtACI refinement yielded the best RMSE per-
formance. For example, on the fr2 xyz sequence, our
method achieved an RMSE of 0.0034 meters, correspond-
ing to a 10.53% improvement over ORB-SLAM3. Simi-
larly, on the fr3_office sequence, we obtained an RMSE of
0.0066 meters, resulting in a 36.54% improvement over the
baseline. Beyond improving upon ORB-SLAM3, the re-
fined trajectories also demonstrated superiority over several
state-of-the-art methods, highlighting the effectiveness of
our Residual-DtACI network in enhancing localization ac-
curacy under static environments.

TUM RGB-D Dynamic Dataset Table 2 presents the
tracking results on the TUM RGB-D dynamic sequences.
These sequences are particularly challenging due to the
presence of moving objects, which often cause drift in the
tracking process. Our method achieved notable improve-
ments in RMSE over ORB-SLAM3 across all dynamic se-
quences. For instance, on the fr3_walking_half sequence,
our method achieved an 85.38% improvement over the
baseline, while on the fr3_walking_rpy sequence, the im-
provement reached 88.53%. Furthermore, compared with
state-of-the-art methods that rely on detection-and-removal
strategies for dynamic objects, our Residual-DtACI net-
work achieved a remarkable RMSE of 0.0307 meters on the
fr3-walking _rpy sequence.

The above results demonstrate that our Residual-DtACI
network is effective in both static and dynamic environ-
ments. In static sequences, pose tracking errors mainly arise
from sensor noise and long-term drift, whereas in dynamic
sequences, the interference of moving objects often leads to
severe tracking drift. Our refinement approach effectively
reduces these errors in both cases, achieving remarkable im-
provements in robot pose trajectory accuracy over the base-
line and current methods.

4.2. Dynamic Target Localization

We evaluated our proposed point cloud-based method for
dynamic target localization on the YCB-Video [32] and BE-
HAVE [4] datasets. As the baseline, we adopted a 2D detec-
tion-based method from prior work [20]. The YCB-Video
dataset is a widely used benchmark for object pose estima-
tion, providing accurate 6D poses of objects. The BEHAVE
dataset focuses on tracking human—object interactions. Al-

Table 1. RESULTS OF RMSE OF ATE [m] ON TUM RGB-D
STATIC DATASETS. BEST IS BOLD; SECOND-BEST IS UN-
DERLINED.

ORB-  Point- GS-

Sequence SLAM3 SLAM SLAM Ours Improvement
frl_desk  0.0186 0.0434 0.0150 0.0193 -
frl_desk2 0.0296 0.0454 - 0.0246 16.89%
frl.room  0.0695 0.3092 - 0.0296 57.41%
fr2_xyz 0.0038 0.0131 0.0144 0.0034 10.53%
fr3_office  0.0104 0.0348 0.0149 0.0066 36.54%

Table 2. RESULTS OF RMSE OF ATE [m] ON TUM RGB-D DY-
NAMIC DATASETS. BEST IS BOLD; SECOND-BEST IS UN-
DERLINED.

ORB- Dynamic- ViQu-

Sequence SLAM3 VINS SLAM Ours Improvement
fr3_walking xyz 0.4048 0.0486 0.12580.0885  78.14%
fr3_walking_static 0.0176 0.0077 0.01240.0135  23.30%
fr3_walking_rpy  0.2676 0.0629 0.07200.0307  88.53%
fr3_walking_half 0.3920 0.0608 0.02610.0573  85.38%

though it does not directly provide the human center po-

sition, it includes the 3D coordinates of the left hip joint

H},ip, and right hip joint Hy;p, .. We derived the ground-

truth human center position H, as the average of the two

hip joints:

Hhip,l + Hhip,r
2

The evaluation metrics were defined with reference to
6D pose estimation [32], including the position error 7, and
the Average Distance (ADD) metric. The position error T,
is defined as the Euclidean distance between the estimated
and ground-truth center points. The ADD metric uses po-
sition error 7, and considers a prediction correct if it is
smaller than a predefined threshold, set to 10% of the 3D
model diameter.

Figure 5. Examples from benchmark datasets of target localiza-
tion. (Left) YCB-Video dataset, which contains objects with sig-
nificant occlusions. (Right) BEHAVE dataset, which includes hu-
mans in diverse poses.
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Table 3. RESULTS OF ADE [m] AND FDE [m] ON ETH/UYC DATASETS. BEST IS BOLD; SECOND-BEST IS UNDERLINED.

Method ETH HOTEL UNIV ZARAI ZARA2 AVG
ADE| FDE| ADE| FDE| ADE| FDE| ADE| FDE| ADE| FDE| ADE| FDE|
PPT [18] 036 049 0.1 014 022 040 017 030 018 033 021 0.33
NPSN [2] 036 059 016 025 023 039 018 032 014 025 021 0.36
MID [12] 039 066 013 022 022 045 017 030 013 027 021 038
ET [3] 036 053 012 019 024 043 019 033 014 024 021 0.34
LED [22] 039 058 011 017 026 043 018 026 013 022 021 033
MART [15] 035 047 014 022 025 045 017 029 013 022 021 033
TUTR [26] 040 0.6l 011 018 023 042 018 034 013 025 021 0.36
TrajFine[29] 035 060 011 018 022 048 015 030 012 025 019 036
V2-Net [31] 023 037 011 016 021 035 019 030 014 024 018 028
V2Net+TR [38] 026 037 011 015 019 034 017 030 0.3 023 017 0.8
Ours 027 040 008 013 015 023 012 017 013 021 015 023
Improvement  25.00% 18.37% 27.27% 7.14% 31.82% 42.50% 29.41% 4333% 27.78% 36.36% 28.57% 30.30%

Table 4. RESULTS OF T, [m] AND ADD [%] ON YCB-Video
DATASETS. BEST RESULTS ARE BOLD; SECOND-BEST IS
UNDERLINED.

Table 5. RESULTS OF 7. [m] AND ADD [%] ON BEHAVE
DATASETS. BEST RESULTS ARE BOLD; SECOND-BEST IS
UNDERLINED.

Object Baseline Ours Improvement

T.| ADD?} T.| ADD{ T.] ADD?t

Sequence Baseline Ours Improvement

T.] ADD?1 T.| ADD1 T.| ADD?t

003_cracker_box 0.0672
004 _sugar_box  0.0459
008_pudding_box 0.0454

4.83 0.0350 63.13 47.92%+58.30%
0.48 0.0204 80.73 55.56%+80.25%
2.26 0.0182 71.32 59.91%+60.06%
009_gelatin_box 0.0324 3.56 0.0165 81.05 49.07%+77.49%
036_wood_block 0.0673 0.67 0.0414 42.59 38.48%+41.92%
061_foam_brick 0.0372 99.50 0.0281 96.72 24.46% -

YCB-Video Dataset Quantitative results of object local-
ization on the YCB-Video dataset are provided in Table 4.
Our method achieved lower position errors 7, and higher
ADD scores than the baseline on most objects. For ex-
ample, on 004_sugar_box, our method improved ADD by
80.25%, while on 009_gelatin_box, the position error was
reduced by nearly half and the ADD increased by 77.49%.
On the other hand, for 061 _foam_brick, the ADD metric did
not show improvement, and the baseline method already
achieved a position error of 0.0372 meters. We note that due
to its simple geometry and limited occlusion, the 2D base-
line was sufficient for handling such simple cases. How-
ever, in more complex scenarios with occlusions, our point
cloud—based method demonstrates notable advantages, as
shown in Fig. 5.

BEHAVE Dataset The person localization performance
on the BEHAVE dataset is reported in Table 5. In this
dataset, which focuses on human-object interaction scenar-
ios, our method consistently achieved improvements across
all sequences. For example, on the 01 _basketball sequence,

01_backpack_back 0.1993 65.85 0.1383 78.57 30.61%+12.72%
01_basketball 0.2250 68.89 0.1324 80.85 41.16%+11.96%
01_boxtiny_hand 0.2023 60.00 0.1648 70.83 18.54%+10.83%
01_toolbox 0.2009 73.33 0.1471 74.47 26.78%+1.14%
01_yogamat_hand 0.2470 68.75 0.1497 72.92 39.39%+1.17%

the position error 7, was 0.1324 meters, representing a
41.16% reduction compared to the baseline, while the ADD
improved by 11.96%. On the 01 _yogamat_hand sequence,
the position error T, decreased by 39.39%. The BEHAVE
dataset involves humans performing diverse postures, such
as bending, leaning, and crouching, as shown in Fig. 5.
These results demonstrate the adaptability of our method to
various human poses in complex interaction scenarios.

The above results confirm the effectiveness of our pro-
posed point cloud-based method for dynamic target local-
ization. In addition to human-centered scenarios, we also
evaluated on an object dataset to extend the diversity of dy-
namic targets. These results highlight the potential of our
point cloud—based approach to generalize across diverse dy-
namic targets and to remain robust in realistic scenarios in-
volving occlusions and complex human object interactions.

4.3. Trajectory Refinement for Person Prediction
Trajectory

For the trajectory prediction module, we used PPT [18] as
the baseline predictor and applied our Residual-DtACI net-
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work for trajectory refinement. The network structure and
parameters were kept the same as in the robot pose trajec-
tory refinement experiment. We evaluated the quantitative
benefits of our method on the ETH/UCY dataset, in com-
parison with a wide range of current state-of-the-art ap-
proaches. The ETH [24]/UCY [14] dataset is a widely used
benchmark for human trajectory prediction, consisting of
two datasets with five different scenes, ETH and HOTEL
from the ETH dataset, and UNIV, ZARA1, and ZARA2
from the UCY dataset.

For evaluation, we followed the previous trajectory pre-
diction metrics: Average Displacement Error (ADE) and
Final Displacement Error (FDE). ADE computes the mean
Euclidean distance between the predicted and ground-truth
positions across all time steps in the trajectory, thereby re-
flecting the overall prediction accuracy. In contrast, FDE
measures the Euclidean distance between the predicted final
position and the ground-truth final destination, capturing the
accuracy of the final destination prediction. We followed
the standard setting by taking the past 8 timestamps (3.2s)
as the observed trajectory and predicting the subsequent 12
timestamps (4.8s) as the future trajectory.

ETH/UYC Dataset As shown in Table 3, we compared
our method with ten state-of-the-art trajectory prediction
methods. Our method achieved the best prediction perfor-
mance, with an average ADE of 0.15 meters and an average
FDE of 0.23 meters across all scenes. Per secens results
remain competitive, and are best in several cases. For ex-
ample, in the HOTEL scene, our method achieved an ADE
of 0.08 meters and an FDE of 0.13 meters; in the UNIV
scene, an ADE of 0.15 meters and an FDE of 0.23 meters;
and in the ZARA scenes, an ADE of 0.12 meters and an
FDE of 0.17 meters. As a trajectory refinement network,
our approach demonstrated significant improvements over
the baseline PPT model, reducing ADE from 0.21 to 0.15
meters (a 28.57% improvement) and FDE from 0.33 to 0.23
meters (a 30.30% improvement).

The experiment of trajectory prediction further demon-
strates the effectiveness of our Residual-DtACI network for
trajectory refinement. When applied to trajectories affected
by different sources of error, our network was able to sig-
nificantly reduce these errors. These results validate that
the Residual-DtACI network provides a robust refinement
mechanism for trajectory prediction tasks, achieving con-
sistent improvements over the baseline as well as compet-
itive or superior performance compared to state-of-the-art
methods.

4.4. Ablation Study

To further validate the overall effectiveness of our frame-
work, we conducted an ablation study on THUD++ [17]
dataset. In this study, we removed the error reduction meth-
ods from each module of our framework to evaluate their

Table 6. RESULTS OF ABLATION STUDY ON THUD++
DATASET. BEST RESULTS ARE BOLD; SECOND-BEST IS
UNDERLINED.

Model Ablation ADE| Degrad. FDE| Degrad.

Pose w/o Residual-DtACI 0.2595 16.26% 0.2163 -0.1645
Loc. w/o point cloud 0.2904 30.11% 0.1762 -0.1244
Pred. w/o Residual-DtACI 0.3228 44.62% 0.4042 -0.3524

Ours 02232 - 0.0518 -

individual contributions. (a. Pose w/o Residual-DtACI)
The robot pose trajectory was directly obtained from ORB-
SLAM3 without refinement by Residual-DtACI; (b. Loc.
w/o Point Cloud) Dynamic target localization was per-
formed using the baseline method; (c. Pred. w/o Residual-
DtACI) Future trajectories of human were predicted using
PPT without refinement by Residual-DtACI. As shown in
Table 6, the full framework achieves the best performance,
while removing any component leads to a noticeable degra-
dation.

4.5. Evaluation on a Quadruped Robot

We implemented our framework on a Unitree Go2 robot
with an onboard NVIDIA Jetson Orin computer and an Intel
RealSense D435i depth camera. For the perception module,
both the baseline components and our proposed optimiza-
tion methods were directly deployed. For the path planning
module, we adopted a cost map—based approach with the
Fast Marching Method (FMM) as the foundation [8, 37],
and further enhanced the navigation capability by incorpo-
rating local search in the command generator. The final lin-
ear and angular velocity commands were then transmitted
to the Unitree Go2 through its high-level SDK. We con-
ducted experiments in a laboratory environment, where the
robot was assigned multiple fixed targets while a person ap-
proached it at different speeds.

5. Conclusion and Future work

This paper proposed a framework that systematically
addresses accumulated perception errors in dynamic
obstacle avoidance scenarios. By integrating our pro-
posed Residual-DtACI network for trajectory refinement
and the proposed point cloud-based method for target
localization, our approach reduces errors across different
perception modules. It enhances the performance of
dynamic autonomous navigation. Future work will extend
the framework to outdoor environments while considering
the impact of illumination changes. Evaluations on bench-
mark datasets and real-world tests on the Unitree Go2
robot verify the effectiveness of the proposed framework.
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