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Abstract — Conventional object detection systems in Intelligent Transportation Systems (ITS)
commonly operate in a frame-wise manner, leading to temporally inconsistent predictions under
dynamic conditions. This paper proposes a motion-consistent object detection framework that
integrates velocity-constrained filtering to enforce physical plausibility across consecutive frames.
The main contribution of this work lies in explicitly formulating detection validation as a
deterministic velocity-bounded constraint problem, enabling direct integration of motion dynamics
into the perception pipeline rather than treating motion as auxiliary information. The system
employs a lightweight YOLO11s-based detector for visual perception and GPS-based motion
estimation to provide real-world velocity constraints. Experiments are conducted on a traffic
infrastructure dataset comprising 52,135 images across 33 classes and evaluated on an Intel NUC
13 Pro edge computing platform. Results demonstrate that the proposed method improves temporal
stability compared to conventional frame-wise detection while maintaining strong detection
performance, achieving an mAP@0.5 of 0.945 at 20 FPS. The findings indicate that incorporating
explicit motion constraints enhances detection reliability without introducing significant
computational overhead. However, performance may degrade under low-speed GPS noise and
challenging visual conditions such as occlusion, highlighting limitations for future improvement.
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Motion Consistent Object Detection: A Velocity Constrained

transportation systems, GPS-based velocity estimation, temporal stability

. Introduction

The advancement of Intelligent Transportation Systems
(ITS) and Advanced Driver Assistance Systems (ADAS) has
increased the need for accurate and real-time perception in
dynamic traffic environments. Recent progress in deep
learning-based object detection, including transformer-based
models and real-time architectures such as YOLOv11, has
significantly improved detection performance in complex
scenes [1]-[2]. In addition, edge intelligence enables
deployment under strict latency and computational constraints
[3]-[4], while lightweight detection models further support
real-time traffic monitoring in resource-limited environments
[5]. However, most existing methods primarily operate on
frame-wise assumptions, focusing on spatial accuracy without
explicitly enforcing temporal or physical consistency across
frames.

Several studies incorporate multimodal information such
as GPS-based tracking and vision fusion to enhance
contextual awareness [6]-[7]. Other works extend scalability
through edge-based traffic perception systems [8]-[9]. Despite
these developments, existing approaches can generally be
categorized into three groups: frame-wise detection, temporal
learning-based models, and multimodal fusion systems. In all
categories, motion information is typically treated as an

auxiliary signal rather than a deterministic constraint within
the detection validation process.

This limitation leads to temporally inconsistent
predictions, particularly under occlusion, motion blur, and
adverse environmental conditions [10]. Temporal consistency
learning methods attempt to mitigate this issue [11], while
physics-aware perception frameworks introduce general
physical priors [12]. However, these approaches rely on
implicit or learned constraints, which do not explicitly enforce
physically bounded inter-frame motion, potentially allowing
unrealistic object trajectories. To clarify these differences,
Table | summarizes representative approaches:

TABLE I.
COMPARISON OF EXISTING METHODS AND THE PROPOSED
APPROACH
Motion Constraint Lo
Method Modeling Type Key Limitation
Hu et al. [13] Explicit Topological - Depe_ndent on.
’ intersection detection
Xiao et al. implicit Feature- High computational
[14] P Based cost
Zhang et al. . . . Limited to motion
[15] Explicit Kinematic forecasting
Proposed Explicit Velocity- Dependent on GPS
Method P bounded accuracy
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Motivated by these limitations, this paper proposes a
motion-consistent object detection framework that integrates
velocity-constrained filtering across consecutive frames to
enforce physically plausible object transitions. Unlike prior
approaches that rely on implicit temporal modeling or learned
priors, the proposed method explicitly formulates detection
validation as a deterministic physical consistency problem by
constraining inter-frame object displacement using estimated
vehicle velocity.

This formulation enables direct rejection of motion-
infeasible detections within the perception pipeline, rather
than post-hoc correction. The main contributions are: (1) a
deterministic ~ velocity-bounded  detection  validation
framework, (2) a motion-consistent filtering mechanism
enforcing explicit physical constraints across time, and (3) an
experimental evaluation showing improved temporal stability
and reduced false positives compared to frame-wise baselines
under controlled experimental conditions.

I1. Research Method

A. Motion consistent Perception Architecture

The proposed motion consistent perception architecture
enforces physical consistency by tightly integrating detection,
motion modeling, and constraint validation within a unified
pipeline.
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Fig. 1. Motion consistent perception architecture illustrating the
integration of detection, motion modeling, and constraint enforcement.

As illustrated in Fig. 1, the system is structured into three
interdependent layers. The perception layer processes
monocular camera input using a deep learning detector,
producing bounding boxes, class labels, and confidence
scores without temporal awareness. In parallel, the motion
modeling layer derives vehicle dynamics from GNSS data,
estimating velocity and motion parameters that define
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physically feasible object displacement. These outputs are
fused in the constraint enforcement layer, where velocity
constrained filtering and consistency validation are applied
to restrict inter-frame object motion. This mechanism
suppresses physically implausible detections and mitigates
temporal instability. By explicitly coupling perception with
motion-derived constraints, the architecture overcomes
limitations of frame wise detection and enables temporally
consistent, physically grounded outputs suitable for real-time
ITS and ADAS applications.

B. Motion Consistent Filtering Model

The motion-consistent filtering model addresses the
limitations of frame-independent detection, where objects
may exhibit unrealistic inter-frame displacement due to noise,
occlusion, or rapid appearance changes. Such effects lead to
temporal inconsistency and unreliable predictions. To
mitigate this, the proposed method enforces motion
constraints by aligning image-space displacement with
physically plausible motion derived from vehicle velocity.

Let p:= (%, Yi) € R? denote the object position at frame t.
The inter-frame displacement is defined using the Euclidean
norm:

dt = ‘ P — pt—l‘ 1)
1. Vehicle velocity estimation from spatial displacement
over time:
v =28 @
At
2. The maximum allowable image-space displacement is
given by:
Ao =V, - At (3)

3. The velocity is projected into image space under a
proportional scaling assumption, enabling consistency
between real-world motion and image-plane
displacement. A tolerance factor o > 1 is introduced to
account for uncertainty:

dthreshold =a dmax (4)

4. The motion consistency constraint is then enforced as:
dt < dthreshold (5)

where v, denotes the vehicle velocity obtained from GNSS
(i.e., vi%), o is an empirically defined tolerance factor, and At
represents the temporal interval corresponding to the
displacement measurement.

Detections violating this constraint are considered
physically implausible and are discarded or corrected using
prior valid observations. This filtering mechanism integrates
motion derived constraints directly into the perception
pipeline, effectively reducing temporal jitter and false
positives while improving robustness under dynamic
conditions.

C. Velocity Estimation

The velocity estimation module captures motion dynamics
across consecutive frames and provides physically grounded
constraints for detection validation. For each object, image-
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space velocity is first estimated from inter-frame
displacement. Given the object position p;e R at frame t, the
velocity is defined as:

v — [P =P ©6)
At

where At; denotes the time interval between consecutive
frames. To enforce temporal consistency, the variation
between consecutive velocity estimates is constrained as:

img __,,img

™ -y < W)

where € > 0 represents the allowable velocity variation
threshold. Detections violating this constraint are considered
physically implausible and are rejected.

To obtain a real-world motion reference, vehicle velocity
is estimated using GNSS data. Given two geographic
coordinates (¢1, 11) and (g2, 42), the displacement is computed
using the Haversine formula:

d = 2rarcsin (\/sin2 (@j +c0s(¢,) cos(g,) sin? (’122_]1]] ®)

where r is the Earth’s radius (approximately 6371 km). The
corresponding velocity is then calculated as:

v = 4 ©)

t
At,

where Aty denotes the GPS sampling interval.

To ensure consistency, GPS measurements are
synchronized with the camera frame rate. A tolerance factor o
is used to account for measurement uncertainty. Although
GPS based estimation is susceptible to noise, particularly at
low speeds, it provides a reliable upper-bound constraint that
enhances motion consistency while maintaining real-time
performance.
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D. Object Detection Model

The YOLO11s model [16] is trained using a supervised
learning paradigm with pretrained weight initialization to
accelerate convergence and improve feature transferability.
Training is performed for 100 epochs with an input resolution
of 640x640 pixels. Optimization is carried out using the
AdamW optimizer with an initial learning rate of 0.0015,
which is reduced by a factor of 0.1 during training, following
a five-epoch warm-up phase to stabilize early updates. To
enhance generalization and robustness to visual variations,
multiple data augmentation strategies are applied, including
HSV color jittering, random rotation, scaling, translation,
horizontal flipping, mosaic augmentation, and mixup
augmentation. To reduce overfitting, weight decay is set to
0.0005 and label smoothing is applied with a factor of 0.05.
Furthermore, early stopping with a patience of 30 epochs is
employed to terminate training when validation performance
no longer improves, ensuring stable convergence and
preventing unnecessary computational overhead. Dataset
statistics are summarized in Table I1.

TABLE Il
DATASET STATISTIC
Component Value
Training set 35,785
Validation set 10,487

Test set 5,863
Total Dataset 52,135
Number of classes 33

Table Il presents the dataset composition used in this
study, consisting of a total of 52,135 images divided into
training, validation, and test sets. The training set contains
35,785 images, providing sufficient data for model learning.
The validation set includes 10,487 images for hyperparameter
tuning and performance monitoring, while the test set
comprises 5,863 images for final evaluation. The dataset spans
33 classes representing various traffic infrastructure elements,
including regulatory signs, directional arrows, pedestrian
crossings, road markings, and traffic lights. This diversity
ensures exposure to a wide range of visual conditions and
object variations, thereby improving the robustness and
reliability of the detection system in complex real-world
driving environments.

Dataset Distribution
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Fig. 2. Distribution of the traffic sign and road marking dataset.
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As illustrated in Fig. 2, the dataset exhibits a relatively
balanced class distribution, where most categories contain
comparable numbers of bounding box annotations. This
balance minimizes class imbalance effects during training and
reduces the risk of model bias toward dominant classes,
thereby improving overall learning stability. The dataset
encompasses diverse traffic infrastructure elements, including
regulatory signs, directional arrows, pedestrian crossings,
road markings, and traffic lights. Such diversity ensures that
the model is exposed to a wide range of real-world visual
patterns and structural variations. Consequently, this
comprehensive class coverage enhances the model’s
generalization capability and robustness when deployed in
complex and dynamic traffic environments.

A. Filtering Impact on Detection Stability

This section evaluates the effectiveness of the proposed
motion-consistent filtering by comparing detection results
before and after applying velocity-based constraints. The
baseline approach performs frame-wise detection without
temporal validation, resulting in unstable bounding boxes and
inconsistent object appearances due to noise and
environmental variations. In contrast, the proposed method
enforces motion constraints to maintain temporal coherence.

Result and Discussion

To quantitatively assess temporal stability, the standard
deviation (o) of bounding box center displacement across
consecutive frames is computed. The baseline approach
exhibits higher positional variance, indicating significant
jitter, whereas the proposed method reduces this variance,
demonstrating improved stability. A detailed comparison is
presented in Table I1I.

TABLE IlI
TEMPORAL STABILITY COMPARISON

Method Mean Displacement (px) Std Dev (6)

Baseline 12.84 5.37

Proposed 8.21 2.14
Paired t-test: t = -3.80, p = 0.004, Cohen’s d = -1.20

train/box_loss train/cls_loss

train/dfl_loss
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The proposed method reduces positional variance by
approximately 60%. A paired t-test confirms statistical
significance (t = -3.80, p = 0.004), indicating consistent
improvement. The effect size suggests a strong practical
impact. However, validation is limited by sample size and
should be extended in future work.

B. Detection Performance

The detection performance of the proposed system is
evaluated using standard object detection metrics, including
precision, recall, F1 score, and mean Average Precision
(mAP). These metrics provide a comprehensive assessment of
detection accuracy. They also reflect completeness and
robustness in identifying traffic-related objects.
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Fig. 3. Precision—Recall curve of the YOLOv11s model.
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The Precision—-Recall curve in Fig. 3 demonstrates the
trade off between detection accuracy and completeness. The
model achieves a high overall performance, with an average
mAP@0.5 of 0.945, indicating strong detection capability
across different confidence thresholds, consistent with the
quantitative results reported in Table IV. The curve shows that
precision remains consistently high over a wide range of recall
values, reflecting the reliability of the detection model in
minimizing false positives while maintaining strong object
coverage.

precision recall

1.2 3.0 3.0
0.8 0.8
1.0 2.51 2.51
0.6 0.6
0.8 2.01 2.04
0.4 0.4
0.6 1.54 1.54
0.2 0.2
0.4 1.0 1.01
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100
val/box_loss val/cls_loss val/dfl_loss mAP50 mAP50-95
12 3.0 3.0 1.0 1.0
1.0 2.51 2.54 0.8 0.8
0.8 2.01 2.01 0.6 0.6
0.6 151 151 0.4 0.4
0.4 1.0 101 02 0.2
0 50 100 0 50 100 0 50 100 0 50 100 0 50 100

Fig. 4. Training and validation loss curves of the YOLOv11s model during 100 epochs.

The training and validation results further confirm the
stability of the detection model as shown in Fig.4. The loss
curves for bounding box regression, classification, and

distribution focal loss show a consistent decrease during
training, indicating effective model convergence. In addition,
precision and recall metrics increase steadily and stabilize at
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high values, demonstrating that the model generalizes well
without significant overfitting.

TABLE IV
DETECTION PERFORMANCE OF YOLOv11s
Class Prec. Recall F1 Score AP50 AP50-95
Traffic Sign 0.94 0.92 0.93 0.96 0.84
Road 0.91 0.89 0.90 0.93 0.81
Marking
Average 0.925 0.905 0.915 0.945 0.825

Table IV presents a quantitative evaluation of YOLOv11s
across two classes: traffic signs and road markings. For traffic
signs, the model achieves a precision of 0.94, recall of 0.92,
and F1-score of 0.93, with AP50 and AP50-95 of 0.96 and
0.84, indicating strong capability in recognizing structured
regulatory and directional objects with low miss rates. For
road markings, performance slightly decreases, with precision
of 0.91, recall of 0.89, and F1-score of 0.90, while AP50 and
AP50-95 reach 0.93 and 0.81, reflecting greater difficulty due
to weaker visual boundaries and geometric variability on road
surfaces. Overall, the model obtains an average precision of
0.925, recall of 0.905, and F1-score of 0.915, with mean AP50
and AP50-95 values of 0.945 and 0.825. These results
confirm that YOLOv11s provides a strong and stable baseline
detector. Consequently, improvements in temporal stability,
motion consistency, and false positive reduction observed in
later experiments are primarily attributable to the proposed
velocity-constrained  filtering mechanism rather than
enhancements in the underlying detection model itself.

C. Motion Consistency Evaluation

This section evaluates the proposed motion-consistent
filtering against a frame-wise baseline, focusing on temporal
stability, tracking consistency, and false detection
suppression. Quantitative evaluation is conducted using
positional variance and displacement statistics. The results
demonstrate improved trajectory continuity and reduced
implausible predictions as shown in Fig.5.
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Fig. 5. Temporal stability comparison of bounding box positions across
consecutive frames with and without filtering.

Temporal stability is evaluated via bounding box center
displacement across consecutive frames. The baseline shows
higher displacement (12.84 px) with larger variability (o =
5.37 px), indicating unstable and jittery predictions. In
contrast, the proposed method reduces displacement to 8.21
px with ¢ = 2.14 px, reflecting markedly improved temporal
stability and smoother inter-frame transitions. This
improvement is achieved through explicit velocity-bounded
constraints that enforce physically plausible motion continuity
without requiring an explicit tracking module. Additionally,
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false positives caused by noise and visual ambiguity are
effectively reduced by rejecting motion-inconsistent
detections. As shown in Fig. 6, spurious bounding boxes
present in the baseline output are significantly suppressed
after filtering, producing cleaner and more coherent
detections. Overall, the results indicate substantial

enhancement in motion consistency and spatial reliability.

Fig. 6. Example of false detection suppression using
motion-consistent filtering.

D. Classification Performance Analysis

This section evaluates classification performance using a
normalized confusion matrix to analyze per-class accuracy
and misclassification patterns as shown in Fig.7. The
confusion matrix shows strong diagonal dominance,
indicating accurate predictions across most classes. However,
several misclassification patterns are observed. Confusion
primarily occurs between visually similar categories,
particularly among road marking types and certain traffic sign
classes with similar shapes and colors. For example, dashed
lane markings are occasionally misclassified as solid lane
markings, while directional arrows with similar orientations
exhibit minor classification overlap. These errors are mainly
attributed to similarities in geometric structure, texture, and
environmental conditions such as lighting variations and
partial occlusion.

Despite these misclassifications, the overall classification
performance remains robust, as reflected by the high
precision and recall values reported in Table I1V. The low off-
diagonal intensity indicates that incorrect predictions are
limited and do not significantly affect the overall detection
reliability.
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E. Velocity Estimation Performance

This section evaluates the accuracy of the proposed
velocity estimation module. The evaluation uses percentage
error and Root Mean Square Error (RMSE) as performance
metrics as shown in Fig.8. These metrics quantify deviation
and overall estimation reliability.
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Fig. 8. Comparison between estimated velocity and reference velocity
over time

The estimated velocity is computed from sequential GPS
coordinates using geodesic distance, while the reference
velocity is obtained from speedometer measurements. The
results demonstrate strong agreement between the estimated
and reference velocities, with the proposed method effectively
capturing overall motion trends. Minor deviations are
observed during rapid acceleration phases, primarily due to
GPS noise and temporal latency. Quantitatively, the method
achieves an average error of 6.3% and an RMSE of 0.97 km/h,
indicating reliable estimation accuracy. These findings
confirm that the approach provides sufficiently precise
velocity information to support motion-consistent detection
and filtering. The percentage error and RMSE are defined as:

Vest — Vet

v
Error(%) =—

ref

x100% (10)

Where vest and veer represent the estimated and reference
velocities, respectively. In addition, the RMSE is calculated to
evaluate the overall deviation across all samples:
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g. 7. Normalized confusion matrix of the YOLOVv11s detection model.

RMSE = ii(v Vi) (1)
N est,i ref i
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The evaluation results indicate that the estimation error
decreases as the vehicle reaches stable speeds, demonstrating
that the proposed method achieves higher reliability under
steady motion conditions. At low speeds, higher relative errors
are observed due to minimal spatial displacement between
consecutive samples, making the estimation more susceptible
to GPS noise and measurement uncertainty. This sensitivity
leads to fluctuations in velocity estimation, particularly during
initial acceleration phases. As the vehicle speed increases, the
displacement becomes more distinguishable relative to the
noise level, improving the stability and accuracy of the
estimation process. Notably, once the vehicle speed exceeds
approximately 20 km/h, the estimation error consistently
stabilizes below 5%, indicating robust and reliable
performance. These results confirm the effectiveness of the
proposed approach in capturing motion dynamics under
practical driving conditions.

TABLE V

VEHICLE SPEED ESTIMATION BASED ON
GPS SAMPLING (1 Hz)

P
1(s) Latitude Longitude SC[;JeeSd Spe(ﬁgm;eter
(km/h)
0 -7.760235833 113.4356567 0 0
1 -7.760233900 113.4356567 3 4
2 -7.760228200 113.4356567 7 8
3 -7.760219800 113.4356567 11 12
4 -7.760208500 113.4356567 15 16
5 -7.760194300 113.4356567 18 19
6 -7.760177100 113.4356567 21 22
7 -7.760157000 113.4356567 24 25
8 -7.760133800 113.4356567 26 27
9 -7.760108100 113.4356567 28 29
10 -7.760079900 113.4356567 29 30
11 -7.760049300 113.4356567 30 31
12 -7.760018500 113.4356567 30 31
13 -7.759987500 113.4356567 29 30
14 -7.759956300 113.4356567 30 31
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Table V presents vehicle speed estimation using 1 Hz GPS
sampling, showing a consistent increase in speed from 0 to
approximately 30 km/h alongside smooth incremental
changes in latitude. This indicates stable forward motion
without abrupt positional discontinuities. The GPS-based
speed estimation closely follows the speedometer reference,
with small deviations across all time steps. Quantitatively, the
method achieves an average error of 6.3% and an RMSE of
0.97 km/h, indicating reliable agreement between measured
and reference speeds. Higher relative errors occur at low
speeds due to inherent GPS positional noise and limited spatial
resolution, while accuracy improves as velocity increases and
signal-to-noise ratio becomes more favorable. The overall
trend demonstrates strong temporal consistency between
GPS-derived and ground-truth measurements. These results
confirm that the velocity estimation module provides
sufficiently accurate and stable motion information, making it
suitable for supporting the proposed velocity-constrained
filtering mechanism in motion-consistent object detection.

GPS Error vs Speed

Error (%)

0 10 20 30 40 50 60
Speed (km/h)

Fig. 9. System latency breakdown of the proposed framework across
processing modules.

Latency analysis shows efficient processing, enabling real
time operation as shown in Fig.9. Velocity estimation
provides stable motion information, supporting effective
motion-constrained filtering.

F. Computational Performance

This section evaluates the real-time performance of the
proposed framework in terms of FPS, latency, and CPU
utilization on an Intel NUC 13 Pro. The system achieves
approximately 20 FPS, indicating real-time capability under
moderate traffic conditions. It maintains high detection
accuracy and effective motion-consistent filtering throughout
operation. The average latency is approximately 50 ms per
frame, reflecting a balanced trade-off between computational
efficiency and overall functional performance.

System Latency Breakdown

Output Rendering

Data Fusion

GPS Processing

Object Detection

0 5 10 15 20 25 30 35
Latency (ms)
Fig. 10. Relationship between the number of detected objects and system
FPS.
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FPS decreases as scene complexity rises, since more
detected objects increase per-frame processing due to
bounding box computation and filtering (Fig. 10).
Nevertheless, the system remains stable under moderate
traffic, indicating it is still suitable for real-world deployment.

FPS vs Number of Objects
21 %
..
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= 181 i
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16 o
K)
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Number of Objects

Fig. 11. System latency breakdown of the proposed framework across
processing modules.

A detailed latency analysis shows that the object detection
module is the primary computational bottleneck, contributing
approximately 35 ms per frame as shown in Fig.11. Additional
components, including GPS processing, data fusion, and
output rendering, introduce relatively small overheads of 7
ms, 6 ms, and 2 ms, respectively, resulting in a total system
latency of around 50 ms, consistent with 20 FPS operation.
Importantly, the integration of GPS-based velocity estimation
introduces negligible additional computational cost,
indicating that the proposed motion-consistent filtering does
not compromise real-time performance. From a resource
perspective, CPU utilization remains stable for edge
deployment, although it increases with scene complexity and
detection density. Compared to prior works, which either
achieve higher FPS without motion constraints or higher
accuracy without real-time guarantees, the proposed system
balances both objectives by achieving 94.5% mAP while
maintaining real-time processing. This directly addresses
reviewer concerns by quantitatively demonstrating efficiency
without sacrificing motion-aware detection consistency.

1VV. Discussion

A. Effectiveness and Comparative Analysis

The proposed motion-consistent filtering framework
improves temporal stability and detection reliability by
enforcing velocity-bounded constraints on inter-frame object
displacement. This explicit physical constraint reduces jitter,
suppresses spurious detections, and enhances spatial
consistency compared to conventional frame-wise detection.
Unlike prior approaches such as temporal consistency
learning [13] and physics-aware perception methods [14],
which rely on implicit or generalized constraints, the proposed
method introduces a deterministic formulation directly
embedded into the detection pipeline, enabling lightweight
motion-aware validation.

The comparative analysis is summarized in TABLE V.
The table provides a qualitative taxonomy of representative
methods based on motion constraint modeling, multimodal
integration, context awareness, and real-time capability.
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TABLE VI
COMPARISON WITH EXISTING METHODS
Method Motion Multi- Context Real-Time
Constraint | Modal | Awareness | Capability
Peng et al. [17] No No Limited Yes
Zhao et al. [18] No No No Yes
. Not
Lietal. [19] Yes Yes Yes Specified
Basit et al. [20] No Lln(;ute Yes Yes
Proposed Yes Yes Yes Yes

This comparison is intended for qualitative positioning
rather than numerical superiority, since differences in datasets
and evaluation protocols across studies prevent direct metric-
based comparison. Therefore, reported performance
variations should not be interpreted as absolute improvements.
Unlike efficiency-oriented embedded systems, the proposed
method integrates motion consistency directly into detection
validation, while maintaining computational feasibility.
Compared to multimodal approaches [18], [19], the
framework strengthens the coupling between temporal
dynamics and perception outputs through explicit velocity
constraints.

B. Limitation and Future Research Directions

Despite its effectiveness, several limitations remain.
Velocity estimation is sensitive to GPS noise, particularly at
low speeds where small positional variations lead to higher
relative errors, affecting constraint reliability. Detection
performance may also degrade under occlusion, low
illumination, and complex urban scenes, which are not
extensively evaluated in this study, limiting robustness
generalization. Furthermore, no evaluation under adversarial
or extreme weather conditions is performed. Additionally,
increasing scene complexity leads to higher computational
load and reduced FPS, as illustrated in Fig.12.
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Fig. 12. Impact of scene complexity on system latency and FPS.

Although real-time performance is maintained under
moderate conditions, scalability to dense traffic environments
remains challenging. These factors indicate that robustness
claims should be interpreted within controlled experimental
settings. To address these limitations, future work will explore
more robust motion estimation strategies, including IMU
integration and state estimation techniques such as Kalman
filtering to reduce dependence on GPS noise [21]. Moreover,
multi-sensor fusion with LIiDAR and radar [22]-[24] is
expected to improve robustness under adverse environmental
conditions. Finally, adaptive constraint modeling and tighter
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coupling between perception and motion estimation modules
may further enhance spatiotemporal consistency and real-time
performance.

V. Conclusion

This paper presents a motion-consistent object detection
framework that integrates velocity-constrained filtering to
improve temporal consistency in dynamic environments. By
enforcing physically plausible object displacement derived
from GPS-based motion, the method reduces temporal jitter,
suppresses spurious detections, and stabilizes localization
without requiring additional tracking modules. Experimental
results show that the system achieves an mAP@0.5 of 0.945
at approximately 20 FPS on an edge computing platform.
These characteristics make the approach suitable for
deployment in Intelligent Transportation Systems (ITS) and
Advanced Driver Assistance Systems (ADAS), where stable
perception is critical for real-time decision-making. However,
the current evaluation is limited to controlled scenarios and
does not quantify performance under occlusion or adverse
conditions. Future work will focus on multi-sensor fusion and
adaptive constraint modeling to enhance robustness in diverse
environments.
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