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 a b s t r a c t

Dynamic object detection is fundamental to advancing vision-based navigation systems, particularly in environ-
ments where the camera itself is in motion. Despite progress in detection algorithms, existing approaches often 
struggle with challenges such as egomotion, short-term occlusions, temporal discontinuities, and computational 
cost. This paper presents YOLO-MOTF, a novel knowledge-based model that integrates spatial features with 
motion cues, especially for operation under moving camera conditions. The framework incorporates a hybrid 
motion compensation strategy to suppress camera-induced distortions and an occlusion handling buffer to pre-
serve object trajectories through discontinuities. Additionally, a motion attention gating mechanism selectively 
reinforces moving object predictions by intersecting fused motion masks with semantic outputs. The proposed 
system achieves an F1 score of 88.6% and a 93% reduction in flow processing compared to dense flow meth-
ods, underscoring its robustness and efficiency in dynamic environments. Beyond theoretical contributions, the 
model demonstrates direct applicability in real-world knowledge-based decision systems, including healthcare 
applications such as assistive wheelchair navigation, as well as assistive robotics, autonomous navigation, and 
surveillance.

1.  Introduction

When humans encounter unfamiliar or changing environments, they 
instinctively rely on visual perception to interpret their surroundings 
and make context-aware decisions for safe adaptation. This fundamen-
tal cognitive process has inspired the integration of object detection ca-
pabilities into digital systems such as autonomous driving [1,2], robotic 
navigation [3,4], assistive technologies [5,6], and surveillance [7]. In 
these applications, accurately identifying dynamic objects is crucial to 
avoid collisions, ensure safe navigation, and achieve a proper under-
standing of the environment, as the positions of these objects continu-
ously change. Therefore, context awareness plays a vital role in navi-
gation and dynamic object recognition, especially when both the cam-
era and the objects are in motion [8]. However, accurately detecting 
and tracking moving objects in complex real-world environments while 
maintaining computational efficiency remains a challenging open prob-
lem, underscoring the need for robust models that can jointly capture 
object identity and motion for reliable operation.
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Conventional object detection algorithms [9] are constrained by 
their dependence on appearance-based features and inherently lack tem-
poral awareness [10]. Although several dynamic object detection frame-
works employ dense optical flow [11], these methods are computation-
ally demanding, restricting their applicability in real-time embedded 
systems such as assistive wheelchairs. More critically, motion estima-
tion techniques often fail when both the camera and the scene are in 
motion, as camera-induced background motion (egomotion) can be mis-
interpreted as genuine object movement, resulting in a high rate of false 
positives for static objects. Furthermore, the absence of temporal mem-
ory renders existing models vulnerable to short-term occlusions and dis-
continuities, leading to fragmented object trajectories. Hence, there re-
mains a pressing need for an integrated framework capable of efficiently 
analyzing both spatial semantics and motion cues under moving-camera 
conditions.

To address these limitations, we propose a novel architecture for 
dynamic object detection that effectively suppresses false positives aris-
ing from static objects. The proposed method integrates motion cues
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derived from optical flow, appearance features extracted using YOLOv8, 
and keypoint information obtained through Oriented FAST and Rotated 
BRIEF (ORB) [12]. In contrast to computationally demanding multi-
object tracking (MOT) systems, our approach employs packet-based pro-
cessing and shared flow computations to enhance efficiency. By incor-
porating motion-aware attention and memory-based tracking mecha-
nisms, the system enables robust detection and tracking of dynamic ob-
jects in complex real-world environments. This joint motion-semantic 
fusion allows the model to reliably differentiate genuine object motion 
from camera-induced egomotion and to maintain consistent trajecto-
ries under short-term occlusions. Consequently, the proposed frame-
work achieves the benefits of both detection and tracking systems while 
maintaining high computational efficiency. The core contributions of 
this work are summarized as follows:

• Develop a packet-based processing framework to reduce computa-
tional complexity through shared optical flow computation and se-
lective ORB feature updates in motion-active regions.

• Construct a hybrid motion compensation (HMC) strategy that com-
bines a feature fusion mechanism to effectively distinguish object 
motion from egomotion.

• Implement a motion-attention gating (MAG) mechanism to suppress 
static object detections by reweighting confidence scores based on 
optical flow consistency.

• Incorporate occlusion handling and motion prediction to handle 
short-term occlusions.
Collectively, these contributions transform YOLO-MOTF from a con-

ventional appearance-based detector into a motion aware, temporally 
consistent framework that directly overcomes the core limitations of 
existing dynamic object detection methods namely, computational inef-
ficiency, poor egomotion separation, static false positives, and vulnera-
bility to occlusion.

The remainder of this paper is organized as follows. Section 2 re-
views key developments across five domains relevant to object detec-
tion. Section 3 presents the proposed YOLO-MOTF model, detailing its 
mechanisms for compensating egomotion and reliably distinguishing 
genuine dynamic objects from background motion. Section 4 reports 
and discusses the experimental results on both benchmark and custom 
datasets, emphasizing performance improvements and practical impli-
cations. Finally, Section 5 concludes the paper by summarizing the key 
contributions and outlining potential directions for future research, with 
a particular focus on applications in healthcare contexts.

2.  Related work

Dynamic object detection requires the integration of both spatial 
semantics and temporal motion cues, especially under moving-camera 
conditions. Research in this field has gradually evolved from static ob-
ject recognition toward motion-aware detection and tracking. Accord-
ingly, this section reviews key developments across four major domains 
relevant to this study: static object detection and backbone architec-
tures (Section 2.1), dynamic object detection under camera motion (Sec-
tion 2.2), dense optical flow and motion compensation (Section 2.3), and 
motion-aware multi-object tracking (MOT) frameworks (Section 2.4).

2.1.  Static object detection and efficient backbones

Recognizing the importance of object recognition, early research 
primarily focused on detecting static objects in controlled environ-
ments. Traditional approaches [13,14] relied on hand-crafted features 
and statistical classifiers. Although computationally efficient, their per-
formance degraded under conditions of occlusion, illumination varia-
tion, and background clutter. The foundation of modern visual per-
ception was later established through convolutional neural networks 
(CNNs). Early two-stage detectors, such as R-CNN [15] and Faster R-
CNN [16], achieved high precision. To further enhance adaptability 

and reduce annotation costs, recent studies have extended these archi-
tectures using cyclic self-training with proposal weight modulation for 
cross-supervision [17] and holistic hierarchical feature alignment for 
cross-domain adaptation [18]. While these methods focus on bridging 
domain or supervision gaps in static settings, their principles of robust 
feature alignment and uncertainty management are highly relevant to 
the YOLO-MOTF framework, which must maintain consistent feature 
representation despite the spatial distortions and noise introduced by 
dynamic camera movement. However, these models remained computa-
tionally demanding and thus unsuitable for real-time applications [10]. 
This limitation led to the emergence of efficient one-stage detectors, 
such as the YOLO family [9], which performs direct regression of bound-
ing boxes and class probabilities in a single pass. Despite these advance-
ments, static object detectors depend solely on appearance-based cues 
and therefore lack sensitivity to motion and temporal continuity [19]. 
Consequently, when both the camera and the objects are in motion, 
these models frequently misinterpret background changes as dynamic 
foreground motion, producing false detections. This limitation is partic-
ularly critical in navigation scenarios, where misclassifying static objects 
as moving entities results in false positives and reduces system reliabil-
ity.

Recent studies have focused on optimizing detection backbones for 
resource-constrained environments to mitigate computational ineffi-
ciency. Architectures such as IRSAM [20] introduce residual aggregation 
modules to enhance feature reuse for small targets, while IRPrune [21] 
applies structured pruning to eliminate redundant convolutional chan-
nels. Similarly, ISNet [22] emphasizes multi-scale feature fusion and 
inter-layer connectivity to support robust contextual learning. How-
ever, these designs remain confined to static image domains and fail to 
address temporal variations or camera-induced motion. Building upon 
these foundations, our model extends the principles of spatial efficiency 
into the temporal domain by embedding a motion fusion layer and a hy-
brid compensation module within a YOLO-based framework. This design 
enables spatially optimized backbones to adapt dynamically to moving-
camera environments, effectively transforming static object detection 
networks into motion-adaptive architectures.

2.2.  Dynamic object detection in video sequences

Recognizing the need for motion-aware detection, recent research 
has increasingly focused on dynamic object detection in video se-
quences. Early approaches such as background subtraction, frame dif-
ferencing, and motion saliency extracted motion cues from temporal 
variations. Traditional background subtraction methods modeled pixel 
distributions using Gaussian mixtures [23], later improved through non-
parametric neighbor sampling [24], color-texture integration [25], and 
word consensus modeling [26]. While effective for static camera setups, 
these methods deteriorated under camera motion due to their reliance 
on fixed background assumptions. Deep learning approaches improved 
robustness to illumination changes and subtle motion [27,28], yet many 
remained constrained by simple camera dynamics [29,30]. More recent 
efforts, such as 3D Hough transform-based alignment for sidereal im-
agery [31], enhanced motion detection under parallax but struggled 
with faint objects and overlapping trajectories.

These challenges highlight the persistent need for models that can 
robustly disentangle object motion from camera motion in dynamic en-
vironments.

2.3.  Dense optical flow and motion compensation

Addressing these challenges, advanced methods have employed 
dense optical flow [11] for pixel-wise motion estimation, enabling dy-
namic object detection under camera motion. The advent of deep learn-
ing further advanced this field, beginning with FlowNet [32], the first 
end-to-end CNN for optical flow estimation. While effective on synthetic 
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datasets, FlowNet struggled with fine-grained details and large displace-
ments. FlowNet2.0 [33] alleviated these limitations through stacked 
modules and warping operations. Pyramid, Warping, and Cost Volume 
(PWC-Net) [34] improved computational efficiency by leveraging fea-
ture pyramids, cost volumes, and warping, thereby reducing processing 
time while preserving accuracy. RAFT [35] further enhanced precision 
using dense all-pairs correlation volumes with recurrent refinement. 
More recently, Gehrig et al. [36] proposed a method for continuous-time 
pixel trajectory regression from event-based data using Bézier curves 
and sequential correlation volumes. Despite these advancements, most 
dense-flow models remain computationally intensive due to exhaustive 
matching and multi-stage refinement, limiting their suitability for real-
time deployment.

To mitigate this, hybrid and sparse alternatives have emerged. Com-
bining dense flow with sparse keypoints (e.g., ORB, FAST, or Shi-
Tomasi) reduces redundancy and enhances computational efficiency. 
However, most existing motion compensation models still treat cam-
era motion as a separate preprocessing step rather than integrating it 
into the detection pipeline [37,38]. This separation reduces temporal 
consistency and introduces cumulative alignment errors. Consequently, 
the trade-off between precision and efficiency persists, underscoring the 
need for lightweight hybrid solutions that jointly estimate and compen-
sate for motion within the detection process.

2.4.  Motion-aware multi-object tracking (MOT) frameworks

Beyond object detection, MOT frameworks have been developed to 
explicitly model temporal associations between consecutive detections. 
Tracking-by-detection approaches such as DeepSORT [39] and Byte-
Track [38] associate bounding boxes across frames based on appearance 
and motion similarity. ByteTrack, in particular, enhances occlusion re-
covery by considering low-confidence detections; however, it assumes 
a linear motion model and lacks compensation for camera-induced 
motion. Joint detection-tracking paradigms such as CenterTrack [40] 
and ReMOTSv2 [41] partially address motion consistency but remain 
sensitive to background drift. More recent trackers, including UCMC-
Track [42], attempt sequence-level motion compensation through uni-
form transformations. Yet, this approach fails to capture localized, non-
linear, or non-rigid motion, as relying solely on a global transformation 
matrix (e.g., homography) is insufficient for complex, non-planar, or 
3D dynamic scenes. Transformer-based models [43,44] achieve strong 
temporal reasoning but incur substantial computational costs.

In contrast, the proposed YOLO-MOTF framework integrates motion 
reasoning directly within the detection stage through motion-attention 
gating and occlusion-aware temporal fusion. This unified design elim-
inates the need for a separate tracking module, enabling the model 
to distinguish genuine object motion from camera-induced egomotion 
and maintain temporal continuity under short-term occlusions. Conse-
quently, YOLO-MOTF achieves the advantages of both detection and 
tracking frameworks while maintaining high computational efficiency.

3.  Methodology

In this section, we describe the development of a model designed 
to detect dynamic objects irrespective to the motion of the camera by 
compensating for ego-motion and accurately identifying true dynamic 
objects. The overall architecture of the proposed model (Fig. 1) consists 
of four sub-modules:

1. Packet Grouping: This sub-module prepares the input video for 
spatio-temporal feature analysis and motion tracing by organizing 
its frames (𝑓 ) into overlapping temporal packets (𝑃𝑚), (Section 3.1). 
Unlike frame-by-frame dynamic detectors that redundantly compute 
motion fields for each frame, this design reduces computational com-
plexity while maintaining temporal continuity, enabling real-time 
operation.

2. Semantic and Spatial Feature Extraction: This module is responsi-
ble for extracting semantic object regions and frame-to-frame motion 
cues by leveraging YOLOv8 segmentation [45], (Section 3.2).

3. Temporal Feature Extraction: This submodule captures dynamic 
motion cues across the frames in each packet. It integrates ORB re-
gions of interest, optical flow vectors, and a hybrid motion com-
pensation mechanism to eliminate egomotion (Section 3.3). In con-
trast to prior methods that treat motion compensation as a separate 
preprocessing step, this integrated approach performs feature fusion 
within the detection pipeline, effectively mitigating egomotion drift 
and enhancing detection stability in moving camera scenarios.

4. Motion Attention Gating (MAG): The final sub-module is designed 
to filter the semantic detections based on motion relevance, achieved 
by filtering out low-motion pixels using a gating mask (Section 3.4). 
Unlike conventional attention mechanisms that rely solely on spa-
tial salience, this motion-guided gating explicitly suppresses static 
object detections, reducing false positives arising from appearance-
only cues.

3.1.  Packet grouping

Current dynamic object classification algorithms [46,47] that use 
frame-by-frame processing struggle to capture real-time object dynam-
ics due to redundant computations and lack of short-term temporal co-
herence. To overcome these issues, this section presents a packet-based 
framework that reduces computational load by sharing optical flow cal-
culations and selectively updating ORB features in motion-active re-
gions.

The model first receives a video containing both dynamic and static 
objects as input. The frames (𝑓 ) are then grouped into packets (𝑃𝑚), 
based on the total length of the video. This temporal segmentation fa-
cilitates efficient spatiotemporal analysis while preserving motion con-
tinuity (Eq. 1).
𝑃𝑚 = {𝑓5𝑚, 𝑓5𝑚+1,… , 𝑓5𝑚+4} (1)

where, 𝑚 denotes the number of packets that depends on the length of 
the video.

This 𝑃𝑚 allows for inter-frame motion trajectory analysis within a lo-
calized temporal window while preserving contextual continuity. Sub-
sequently, each 𝑃𝑚 is simultaneously forwarded to both the Semantic-
Spatial Feature Extraction module and the Temporal Feature Extraction 
module.

3.2.  Semantic-spatial feature extraction

Traditional vision-based object detection models often struggle to ac-
curately detect and track objects due to their limited ability to extract se-
mantic object regions and temporal motion cues from video sequences. 
Recognizing the importance of incorporating both spatial semantics and 
motion information, this section outlines our approach to integrate the 
YOLOv8-seg model as a pre-trained semantic segmentation backbone as 
shown in Fig. 2.

First, the YOLOv8-seg model receives the input packet 𝑃𝑚, and uses 
a pretrained CNN backbone to extract multiscale feature maps, captur-
ing low, mid, and high level semantic representations, from each frame 
(Eq. 2).
𝑆𝐹𝑃𝑚 = 𝐶𝑁𝑁(𝑃𝑚) (2)

where, 𝑆𝐹𝑃𝑚  denotes the spatial features of the objects contained within 
a single input packet 𝑃𝑚.

Next, to merge the extracted spatial features 𝑆𝐹𝑃𝑚 , the model em-
ploys a Feature Pyramid Network (FPN), which integrates multi-scale 
features to enhance object representation across different resolutions 
(Eq. 3).
𝑀𝐹𝑃𝑚 = 𝐹𝑃𝑁(𝑆𝐹𝑃𝑚 ) (3)
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Fig. 1. Integration of temporal-motion fusion within the YOLO-MOTF framework bridging high-level semantic segmentation with global motion compensation, 
enabling the system to differentiate between true object dynamics and apparent background shifts caused by camera movement, by synchronizing spatial masks with 
temporal motion vectors, the model effectively isolates dynamic targets in complex, non-stationary environments.

Fig. 2. Structural configuration of the YOLOv8-based segmentation backbone, that generates high-precision object-level masks that serve as the geometric foundation 
for motion validation. The use of multi-scale feature aggregation ensures that object boundaries remain sharp and accurate, providing the necessary spatial context 
for the subsequent filtering of stationary background clutter.

where, 𝑀𝐹𝑃𝑚  denotes the merged feature representation obtained after 
applying the FPN.

Then, 𝑀𝐹𝑃𝑚  are passed through the detection head, which consists 
of a one-stage dense prediction model, which predicts the segmenta-
tion mask. This delineates the spatial extent of each object and the ob-
ject confidence score, which quantifies the certainty of each detection 
(Eq. 4).
(𝑀𝑃𝑚 , 𝐶𝑃𝑚 ) = 𝐷𝑒𝑛𝑠𝑒(𝑀𝐹𝑃𝑚 ) (4)

where, 𝑀𝑃𝑚  denotes the segmentation mask of each object, and 𝐶𝑃𝑚
represents the corresponding confidence scores for dynamic object de-
tections.

Afterwards, all pairs of (𝑀𝑃𝑚 , 𝐶𝑃𝑚 ) are stored in an array 𝑌𝑀 (YOLO 
Mask) that represents the spatial features of the detected objects across 
𝑃𝑚 (Eq. 5).
𝑌𝑀 = {(𝑀𝑃1 , 𝐶𝑃1 ),… , (𝑀𝑃𝑚 , 𝐶𝑃𝑚 )} (5)

Finally, 𝑌𝑀 is forwarded to the MAG module for temporal process-
ing.

3.3.  Temporal feature extraction

Object detection algorithms that rely solely on spatial features [14,
48] often misclassify static objects as dynamic in the presence of camera 
motion, due to their inability to differentiate true object motion from ap-
parent motion caused by egomotion [49]. To address this limitation, this 
section presents a structured pipeline for extracting temporal motion 
cues. The process begins with regions of interest (ROI) keypoint track-
ing using ORB (Section 3.3.1), followed by pixelwise motion estimation 
via optical flow (Section 3.3.2). Finally, a hybrid motion compensation 
strategy is then applied to correct for camera-induced egomotion (Sec-
tion 3.3.3).

3.3.1.  ORB Feature extraction
Traditional dense feature extraction methods [50] and simple cor-

ner detectors [51] often fail to accurately identify ROIs in dynamic en-
vironments due to their high computational cost and limited robust-
ness to scale and rotation variations. To address these limitations, our 
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Fig. 3. Homography-based ego-motion compensation using ORB feature extraction. Rather than simple point-matching, this process establishes the global camera 
motion matrix (𝐻) used to align consecutive frames. By calculating the residual displacement of keypoints relative to this compensated background, the system 
generates the motion-based evidence required to validate the dynamic status of detected segments.

model integrates the ORB algorithm [12], which provides a lightweight, 
rotation-invariant approach for detecting ROIs.

Firstly, Features from Accelerated Segment Test (FAST) [52] algo-
rithm is applied to the frames (𝑓 ) in a 𝑃𝑚 to identify keypoints (𝐾𝑖) 
comparing the intensity levels of pixels (Eq. 6).
𝐾𝑖 = 𝐹𝐴𝑆𝑇 (𝑓𝑃𝑚 ) (6)

Eq. 6 classifies a pixel as a 𝐾𝑖 if there exists a contiguous arc of 12 pix-
els within a 16 pixel Bresenham circle [53] of radius 3 (Fig. 3), where 
the pixel intensities are consistently brighter or darker than the cen-
tral pixel. This intensity contrast indicates high local variation, which 
is characteristic of informative regions in 𝑓𝑃𝑚 . To efficiently eliminate 
non-corner candidates, Eq. 6 evaluates only four specific pixels located 
at positions 1, 5, 9, and 13 on the circle highlighted in yellow in Fig. 3 
before proceeding to a full arc comparison.

Next, we derive the orientation 𝜃 of 𝐾𝑖, since FAST is not inherently 
rotation-invariant (Eq. 7).

𝜃𝐾𝑖
= 𝑎𝑟𝑐𝑡𝑎𝑛

(∑

𝐼(𝑥, 𝑦)(𝑦 − 𝑦𝑖)
∑

𝐼(𝑥, 𝑦)(𝑥 − 𝑥𝑖)

)

(7)

where, 𝐼(𝑥, 𝑦) represents the intensity of a random pixel located in 𝑥 and 
𝑦 along the horizontal and vertical axes, respectively.

Next, to compute the rotation-invariant binary descriptor (𝑑𝐾𝑖
), the 

Binary Robust Independent Elementary Features (BRIEF) algorithm [54] 
is applied. It performs a series of intensity comparisons between prede-
fined pairs of pixel locations within the ROI, using the keypoint 𝐾𝑖 and 
its associated orientation 𝜃𝐾𝑖

 as inputs to generate the descriptor (8).
𝑑𝐾𝑖

= 𝐵𝑅𝐼𝐸𝐹 (𝐾𝑖, 𝜃𝐾𝑖
) (8)

Afterwards to track the motion of the feature points (𝐹𝑃𝑜𝑟𝑏) across 
frames, the dot product between 𝐾𝑖 and 𝑑𝐾𝑖

 is computed (Eq. 9).
𝐹𝑃𝑜𝑟𝑏 = 𝐾𝑖 ⋅ 𝑑𝐾𝑖

(9)

Finally, the computed ORB-based feature points (𝐹𝑃𝑜𝑟𝑏) are simul-
taneously forwarded to both the Hybrid Motion Compensation (HMC) 
and the Optical Flow Estimation modules for further analysis.

3.3.2.  Optical flow estimation
While ORB identifies salient ROI’s through 𝐾𝑖, in each frame of 𝑃𝑚, it 

does not directly provide information about how these keypoints move 
over time. To understand the temporal dynamics of motion between 
frames, we employ optical flow estimation. Optical flow captures the 
apparent pixel-wise motion by analyzing changes in intensity across 
consecutive frames in 𝑃𝑚, allowing us to estimate how each keypoint 

and its surrounding region have shifted in space. In this study, we adopt 
the Lucas-Kanade method, a sparse optical flow approach that is ideal 
for real-time processing and robust in dynamic scenes with low texture 
noise.

The objective is to compute the motion vector 𝑣 for each 𝐾𝑖 in ORB 
(Eq. 10), such that the brightness constancy constraint (Eq. 11) is satis-
fied.

𝑂𝐹 = [𝑣]𝐹𝑃𝑜𝑟𝑏 (10)

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝑢, 𝑦 + 𝑣, 𝑡 + 1) (11)

Where, OF is the derived optical flow of feature points. Taking the 
Taylor series expansion of Eq. 11 and ignoring higher-order terms leads 
to the optical flow constraint equation (Eq. 12).
𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡 = 0 (12)

where 𝐼𝑥, 𝐼𝑦, and 𝐼𝑡 denote the partial derivatives of the image intensity 
with respect to space and time.

For a small window around each frame, a system of equations is 
solved in the least squares sense (Eq. 13).
𝐴 ⋅ 𝑣 = −𝑏⃗ (13)

where 𝐴 is the spatial gradient matrix and 𝑏⃗ is the temporal gradient 
vector as follows,

𝐴 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐼𝑥1 𝐼𝑦1
𝐼𝑥2 𝐼𝑦2
⋮ ⋮

𝐼𝑥𝑁 𝐼𝑦𝑁

⎤

⎥

⎥

⎥

⎥

⎦

𝑏 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐼𝑡1
𝐼𝑡2
⋮
𝐼𝑡𝑁

⎤

⎥

⎥

⎥

⎥

⎦

Solving this gives us 𝑣, the motion vector for each 𝐾𝑖. To represent 
the motion information extracted, we denote the aggregated flow field 
over all tracked points in a packet by 𝑂𝐹 . These motion vectors 𝑂𝐹 , 
are later combined with ORB feature points in the feature fusion stage 
(Section 3.3.4).

3.3.3.  Hybrid motion compensation (HMC)
In a setup where the camera is in motion, background motion in-

duced by egomotion is often mistaken for object motion, leading to false 
positives [31]. Our HMC strategy addresses this by combining global ho-
mography alignment with local relative motion estimation. This hybrid 
approach removes background shifts induced by camera motion, while 
preserving the trajectories of independently moving objects. This mod-
ule consists of two components:
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Firstly, for two consecutive frames, a homography transformation 
matrix 𝑚 is estimated using matched ORB feature points (Eq. 14).
𝑚 = findHomography(𝐹𝑃𝑜𝑟𝑏) (14)

Once 𝑚 is computed, it is used to warp the optical flow field to 
simulate the expected motion that would occur if the scene were entirely 
static (Eq. 15)
𝐴𝐹 = 𝑊 𝑎𝑟𝑝 (𝑂𝐹 ,𝑚) (15)

Where, 𝑂𝐹  represents the actual optical flow of a feature point and 
𝐴𝐹  denotes the aligned (expected) flow induced solely by camera mo-
tion. The residual flow Δ𝑅𝐹  is then computed as the absolute difference 
(Eq. 16).
Δ𝑅𝐹 = |𝑂𝐹 − 𝐴𝐹 | (16)

This residual compensates for egomotion and isolates changes caused 
by independently moving objects.

Although the homography approach compensates for planar back-
ground motion, it is insufficient for 3D dynamic scenes. Therefore, we 
introduce a relative motion analysis of tracked feature points. For each 
point, we calculate motion with respect to the moving camera by sub-
tracting the estimated global camera motion, 𝑀𝑐𝑎𝑚 from the observed 
motion of tracked points, 𝑀𝑜𝑏𝑠 (Eq. 17)
𝑅𝑀 = 𝑀𝑜𝑏𝑠 −𝑀𝑐𝑎𝑚 (17)

Where, 𝑅𝑀 is the relative motion, 𝑀𝑜𝑏𝑠 is the observed displacement 
of the feature point, and 𝑀𝑐𝑎𝑚 is the expected motion of that point due 
to camera motion. A non-zero relative motion vector indicates that the 
feature has moved independently of the camera, suggesting true object 
motion. These are visualized in 3D (Fig. 4), where the x-axis is the ID of 
the feature, the y-axis is the magnitude of motion, and the z-axis is the 
frame index.

Fig. 4. 3D visualization of relative motion magnitudes of ORB feature points 
across time. Dense yellow points indicate static background, while outliers rep-
resent true dynamic objects.

This hybrid strategy improves robustness by compensating for ego-
motion using geometric warping, while also identifying dynamic ele-
ments through point-level motion inconsistency.

3.3.4.  Feature fusion module (FFM)
Most prior dynamic detection methods merge motion and semantic 

cues using uniform or sequential fusion [55], where motion information 
is first estimated and then appended to visual features. This decoupled 

process often causes temporal misalignment and allows background mo-
tion to dominate object cues [56].

To overcome this, after extracting motion cues using optical flow and 
ORB features, and compensating them for camera induced motion, we 
perform feature fusion to generate a unified spatio-temporal represen-
tation. Given,

• Motion compensated ORB feature points: 𝑂𝑅𝐵∗

• Motion compensated optical flow motion vectors: 𝑂𝐹 ∗

We define the fused feature map (Eq. 18),
𝑀𝑀 = 𝑂𝑅𝐵∗ + 𝑂𝐹 ∗ (18)

where 𝑀𝑀 is the motion mask of objects in the fused feature map. 
This fusion module captures both how a point has moved and what it 
looks like, enabling downstream modules to more robustly distinguish 
between static and dynamic regions by integrating features into a single 
motion-aware representation.

3.3.5.  Occlusion handling module (OHM)
A common limitation in dynamic object detection is the inability to 

maintain consistent tracking when an object undergoes temporary oc-
clusion or becomes visually indistinguishable. Conventional segmenta-
tion models fail to detect such objects in consecutive frames, resulting 
in fragmented trajectories and missed detections [57,58].

To address this, we incorporate an OHM that preserves temporal 
continuity by leveraging motion memory. The motion masks 𝑀𝑀 are 
stored across the last 5 frames in a temporary occlusion buffer. If a cur-
rent frame detection is missing, a predicted motion mask 𝑀𝑀𝑝𝑟𝑒𝑑 is 
generated based on recent movement of the object.

The updated motion representation 𝑀𝑀∗ is derived using the union 
of current and predicted motion masks (Eq. 19).
𝑀𝑀∗ = 𝑀𝑀 ∪𝑀𝑀𝑝𝑟𝑒𝑑 (19)

This strategy allows the system to retain object awareness during 
short-term occlusions, ensuring robust motion continuity.

3.4.  Motion attention gating (MAG)

Even after compensation, residual noise or static objects with low 
motion can be misclassified as dynamic objects [59]. To mitigate this, 
we apply a MAG module, which filters the detections to isolate regions of 
significant motion. This helps suppress false positives from minor visual 
variations and ensures that only true dynamic objects are retained.

𝑀𝐴𝐺 =

{

1, if |𝑀𝑀∗ ∩ 𝑌𝑀| > 𝜏motion
0, otherwise

(20)

where 𝜏motion is a predefined motion threshold. This gating ensures that 
only regions exhibiting significant motion are passed to the final output.

This results in a clean binary mask that highlights only the inde-
pendently moving objects in the scene. By integrating object awareness 
with motion selectivity, MAG enables the model to operate robustly in 
visually complex, dynamic environments.

4.  Results and discussion

This section presents the experimental evaluation of the proposed 
dynamic object detection framework using a camera in motion. We eval-
uated the model in terms of detection accuracy, temporal consistency, 
and computational efficiency, with comparative analyses against state-
of-the-art methods and an ablation study. Each result directly supports 
one of the four core contributions described in Section 1.

All experiments carried out for the proposed model were based 
on five main datasets. These include three publicly available datasets: 
The Multi-Object Tracking and Segmentation (MOTS) dataset [60], the 
KITTI dataset [61], the DAVIS dataset [62], the VisDrone dataset [63], 
and a custom dataset created specifically for the testing of this research.
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4.1.  Dataset description

Table 1 presents a detailed description of the five datasets. These 
datasets were selected to reflect challenging real-world scenarios that in-
clude low-light environments, dynamic backgrounds, partial occlusions, 
and fast moving objects in egomotion.

Table 1 
Summary of datasets used in evaluation, including the total number of frames, 
resolution, and their applications. 
Dataset Total Frames Resolution Application Description

MOTS 5724
 1080x1920

Tracking, segmentation  Urban traffic
 480x640  dense crowds

KITTI 4328 1280x384 Driving scenes, egomotion  Outdoor sequences
 moving camera

DAVIS 2764
 1080x1920

Video object segmentation  Fast motion
 480x640  complex scenes

VisDrone 8957
 1080x1920

Drone captured scenes  Crowded
 480x640  urban environments

Custom 1680
 1080x1920

Real-world scenes
 Poor lighting

 480x640  corridor turns
 720x1280  occlusions

 Total  23,453

The diversity of these datasets facilitated a thorough evaluation of 
the robustness of the proposed model in dynamic and complex environ-
ments.

4.2.  Evaluating efficient packet-based processing

To overcome the computational inefficiency of frame-by-frame pro-
cessing, we introduced a packet-based grouping method. To assess the 
effectiveness of this module, we compared the average per-frame flow 
computation time of YOLO-MOTF with that of the dense Farneback op-
tical flow baseline.

Fig. 5 illustrates the average flow computation time per frame across 
the five datasets for both the dense optical flow (Farneback) and the pro-
posed packet-based YOLO-MOTF model. As shown, the proposed model 
consistently achieves substantially lower computation times, reducing 

the latency per frame from approximately 0.40 - 0.55 seconds (of dense 
flow) to just 0.02 - 0.04 seconds.

This represents a reduction of 93-95% in flow processing time 
across all datasets. This improvement is attributed to two key factors: 
(1) packet-based grouping, which enables shared computation across 
frames, and (2) the use of sparse Lucas-Kanade flow guided by ORB key-
points, instead of dense pixel-wise estimation. These findings demon-
strate that the proposed approach effectively addresses the limitation 
of high computational overhead in dynamic object detection systems, 
making it suitable for real-time applications.

To support the real-time performance objectives of the model, we 
evaluated several keypoint-based feature extractors with respect to their 
processing time and the number of detected keypoints. Fig. 6 summa-
rizes this comparison across five extractors: ORB [12], Scale-Invariant 
Feature Transform (SIFT) [64], FAST [52], Binary Robust Invariant Scal-
able Keypoints (BRISK) [65], and Accelerated KAZE (AKAZE) [66].

As shown in the left plot, ORB consistently achieves the lowest pro-
cessing time per frame with minimal variance, significantly outperform-
ing SIFT, BRISK, and AKAZE in terms of speed. Although FAST offers 
competitive speed, it lacks a descriptor component, making it unsuitable 
for motion compensation and tracking. The right plot shows the number 
of keypoints extracted, where ORB provides a stable and sufficient num-
ber for motion estimation, balancing rich features with computational 
efficiency.

These results validate the selection of ORB for our feature extraction 
pipeline, offering an optimal trade-off between speed and feature rich-
ness which is critical for maintaining lightweight, real-time performance 
in navigation tasks.

4.3.  Distinguishing object motion from camera motion using HMC

One of the primary challenges in dynamic object detection using a 
camera in motion is differentiating the actual motion of an object from 
the background changes induced by camera movement. To address this 
limitation, the proposed YOLO-MOTF model incorporates a HMC strat-
egy. This hybrid approach enables the system to suppress egomotion in-
duced background movement while preserving independently moving 
objects for accurate motion detection. The model was compared with 
several models under the hyperparameter settings in Table 2.

As shown in Table 3, YOLO-MOTF achieved a notable balance be-
tween detection accuracy and computational efficiency. Within the

Fig. 5. Comparison of per-frame flow computation time between YOLO-MOTF and dense optical flow.
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Fig. 6. Performance comparison of feature extractors where ORB demonstrates the best balance between computational efficiency and feature stability.

Table 2 
Hyperparameter settings. 
Parameters Value

 Epochs  150
 Ir0  0.002
 Irf  0.002
 Momentum  0.9
 Batchsize  16
 Cache  False
 Input image size  640 × 640
 Optimizer  AdamW

Table 3 
Performance comparison of models used for both appearance and 
motion, and motion only. The motion only methods have been tested 
on the MOT20 dataset and some detection results obtained from Yi 
et.al., [42]. 

Model
Precision  F1 score Model size Params
 (%)  (%) (MB) (M)

 appearance and motion:
 YOLOv8-seg [48]  63.5  73.56  6.45  3.66
 YOLOv7-seg  62.9  71.28  78.1  37.98
 YOLOv5 [48]  59.08  70.76  6.43  7.74
 Faster R-CNN [16]  52.59  61.44  159.7  41.75
 TrackRCNN [60]  94  57.3  605.3  44.6
 YOLO12n-seg [67]  66.8  76.2  5.8  2.6
 AMF-MOT [68]  91.4  84.2  128  32
 RT-DETRv2-s [69]  82.5  81.5  31  5.2
 motion only:
 ReMOTSv2∗ [41]  69.7  70.4  7.2  6.5
 ByteTrack∗ [38]  72.16  82.1  6.54  3.24
 C-BIoU∗ [70]  87.9  80.7  3.92  4.76
 MotionTrack∗ [71]  78.2  80.1  6.1  3.45
 SparseTrack∗ [72]  54.9  56.7  6.4  3.7
 YOLO-MOTF (Ours)  95.6  88.62  5.6  2.98

*parameters and model sizes for motion only methods are reported 
based on YOLOv8n detection backbone.

appearance and motion category, YOLO-MOTF achieved an F1 score 
of 88.62% and precision of 95.6%, outperforming state-of-the-art de-
tectors. This improvement demonstrates the benefit of integrating HMC 
and temporal feature fusion, which allows the model to maintain robust 
performance under camera egomotion. Despite these gains, the model 
remains compact with only 5.6MB and 2.98M parameters, making it 
more practical for edge and embedded deployment than other models.

In the motion only category, YOLO-MOTF also surpasses recent 
trackers such as ReMOTSv2, ByteTrack, and MotionTrack, achieving an 

F1 score of 88.62% at a real-time speed of 37 FPS. Competing algorithms 
have reported lower frame rates (≤ 31 FPS) or reduced segmentation 
quality, reflecting trade-offs between temporal precision and runtime. 
This performance gain can be attributed to its effective temporal in-
tegration, a strategy that aligns with recent advancements in broader 
video analysis tasks. For instance, in the field of language-guided video 
segmentation, [73] demonstrates that aggregating local and global tem-
poral context is essential for resolving ambiguities in dynamic scenes. 
While this work focuses on aligning linguistic features with video con-
text, our results suggest that a similar fusion philosophy is highly ef-
fective for geometric ego-motion compensation. The ability of YOLO-
MOTF to maintain high accuracy while sustaining real-time throughput 
emphasizes its suitability for autonomous navigation and other resource 
limited intelligent vision systems.

In addition to the average precision and F1 scores, the distribution 
of model performance across frames is visualized in Fig. 7. The box plot 
highlights both the higher median F1 score and the lower variance of the 
proposed model compared to other baselines. This reflects more consis-
tent detection performance across diverse frames and scenarios, further 
validating the effectiveness of the motion compensation module.

Nevertheless, a small number of outliers are observed for YOLO-
MOTF (See Fig. 7). These correspond to frames with abrupt egomotion, 
non-rigid background motion, or long-term occlusions, where motion es-
timation becomes unreliable and the temporal fusion buffer momentar-
ily fails to recover consistent trajectories. Such cases expose the model’s 
dependence on optical-flow accuracy under highly dynamic scenes. Fu-
ture research will focus on adaptive temporal filtering and depth-aware 
flow regularization to further reduce the remaining sensitivity to severe 
motion and occlusion artifacts.

These results collectively demonstrate that the proposed HMC ap-
proach significantly enhances the model’s ability to suppress false pos-
itives due to egomotion, leading to more reliable detection of dynamic 
objects. This confirms the effectiveness of the motion compensation 
strategy in improving both the accuracy and the temporal stability of 
the system’s detection output.

4.4.  Suppressing residual false positives with motion-attention gating

Even after accounting for camera motion, static or low-motion re-
gions in the scene may still be misclassified as dynamic objects, leading 
to persistent false positives. This becomes particularly challenging when 
distinguishing between static and dynamic objects becomes ambiguous. 
To address this limitation, YOLO-MOTF incorporates a MAG mecha-
nism that filters out detections based on optical flow magnitude and
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Fig. 7. Box plot comparison of Precision and F1 scores across different models. The proposed YOLO-MOTF model demonstrates higher median F1 and lower variability 
compared to state-of-the-art baselines, indicating improved consistency and reliability in dynamic object detection.

temporal consistency. This method ensures that only truly dynamic re-
gions are retained for downstream decision making.

Fig. 8 presents frame-by-frame intersection over union (IoU) com-
parisons between YOLO-MOTF and YOLOv8 across four datasets: 
(8a) MOTS, (8b) KITTI, (8c) DAVIS, and (8d) a custom navigation 
dataset. In all four scenarios, YOLO-MOTF consistently maintains higher 
IoU values, reflecting improved segmentation accuracy and mask align-
ment with ground truth. The proposed YOLO-MOTF model demonstrates 
particular robustness in scenes with dense occlusions and subtle mo-
tion, where motion gating has effectively suppressed noise from static 
regions.

To complement the quantitative analysis, Fig. 9 illustrates qualita-
tive comparisons of the precision of the segmentation in several diverse 
frames. In each example, red outlines denote ground truth masks, green 
outlines correspond to YOLO-MOTF predictions, and the blue outlines 
demonstrate the YOLOv8 detections. As seen, YOLOv8 produces broader 
and imprecise masks, particularly in static or partially occluded regions. 
In contrast, YOLO-MOTF consistently provides cleaner and tighter seg-
mentation masks that closely align with the ground truth. This qualita-
tive analysis reinforces the effectiveness of the MAG module in enhanc-
ing object-level precision while reducing background interference.

Together, these results confirm that the MAG module plays a criti-
cal role in reducing false positives and improving the reliability of dy-
namic object detection, particularly in real-world navigation environ-
ments where segmentation precision directly impacts decision making.

4.5.  Motion prediction and occlusion handling

In real-world navigation scenarios, especially in crowded environ-
ments, dynamic objects are frequently subjected to short-term occlu-
sions. These occlusions disrupt the continuity of detection, leading to 
missed detections that compromise tracking reliability [74,75]. To ad-
dress this, our model comprises a motion prediction mechanism coupled 
with an occlusion handling module. This allows the system to maintain 
the estimated trajectory of moving objects even when they are temporar-
ily obstructed from view.

Fig. 10 demonstrates the effectiveness of this approach using a se-
quence of three consecutive frames from a crowded pedestrian scene. 
The green contours represent the current detections, while the orange 
contours indicate predicted locations of objects temporarily lost due to 
occlusion. The cyan lines trace the motion trajectories of the tracked 
objects across the frames.

Fig. 8. Frame-wise IoU comparison across the four datasets where YOLO-MOTF consistently outperforms YOLOv8 in segmentation alignment with ground truth, in 
cluttered and dynamic scenes.
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Fig. 9. Qualitative results across 4 sample frames in diverse environments illustrating motion prediction and occlusion handling.

Fig. 10. Qualitative results across 3 sample frames (MOTS Dataset) illustrating motion prediction and occlusion handling.

The red circled region in each frame highlights a case of occlusion. 
In frame 1, the two pedestrians are clearly visible. In frame 2, the same 
pedestrians become occluded by another pedestrian and is no longer de-
tected directly. However, their location is accurately predicted (orange 
contour), preserving its identity. By frame 3, the pedestrians reappear 
and is once again detected, allowing seamless re-association with its 
original track. This example illustrates how the integration of motion-
aware prediction and temporal memory has enabled robust tracking 
continuity through occlusions.

These results highlight the ability of the model to handle challeng-
ing occlusions while preserving trajectory consistency. This is critical 
for navigation systems, where false negatives or detection loss can lead 
to unsafe path planning. This OHM not only improves detection conti-
nuity but also improves downstream decision making by ensuring stable 
object awareness over time.

4.6.  Ablation study

To systematically validate the contribution of each component in 
the proposed YOLO-MOTF framework, an ablation experiment was con-
ducted using sequentially added modules: Packet grouping, ORB + 
HMC, MAG, and OHM. Fig. 11 illustrates the qualitative effect of each 
module, and Table 4 presents the quantitative evaluation in terms of 
precision, F1 score, and average flow time.

As shown in Table 4, each component contributed to both accu-
racy and efficiency. Packet grouping reduced computational overhead 

by sharing optical-flow operations within temporal windows, achieving 
a 37% improvement in runtime. Incorporating HMC yielded the largest 
accuracy gain, confirming its effectiveness in mitigating camera-induced 
background motion. MAG further refined segmentation by filtering low-
motion regions, resulting in a 15-point increase in the F1 score compared 
to the baseline YOLOv8. Finally, the OHM maintained detection stability 
during short-term occlusions without additional latency.

The visual comparisons in Fig. 11 demonstrate a progressive im-
provement in detection stability and precision as each module is in-
troduced. The baseline YOLOv8-seg model performs well in static 
scenes, but fails to isolate dynamic objects in motion-rich environments. 
Adding packet grouping reduces redundant optical flow computations 
by processing frame packets, improving runtime efficiency (as seen in
Table 4). The inclusion of HMC, which compensates for camera ego-
motion, significantly improves precision by filtering out background 
movements and aligning motion vectors to the scene geometry. The 
MAG further enhances mask quality by suppressing low-motion re-
gions and maintaining temporal consistency, as is evident in the cleaner 
silhouettes. Finally, the OHM effectively maintains object continuity 
across short occlusions, producing stable detection trajectories without 
adding computational latency. This stage shows well-bounded silhou-
ettes for pedestrians and vehicles even under motion blur or partial
visibility.

Overall, the ablation study confirms that each component con-
tributes distinctively to both detection accuracy and computational ef-
ficiency. The proposed modules achieve a 32.1% increase in precision 

Table 4 
Ablation experiment on each improved module. 
Configuration Precision (%) ↑ F1 Score (%) ↑ Average Flow Time (s/frame) ↓ Remarks

 YOLOv8-seg (baseline)  63.5  73.6  0.5  No motion or temporal context.
 + Packet grouping  70.8  77.4  0.25  Reduced redundancy via shared flow computation.
 + HMC  82.5  84.2  0.23  Suppressed egomotion-induced distortions.
 + MAG  94.3  88.2  0.21  Eliminated static false positives using motion consistency.
 + OHM  95.6  88.6  0.21  Preserved trajectories through short-term occlusion.
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Fig. 11. Qualitative ablation results showing the effect of each module on dynamic object detection in diverse environmental conditions. Columns represent (a) RGB 
input, (b) baseline YOLOv8 segmentation, (c) + ORB & HMC, (d) + MAG, and (e) + OHM, Final. White regions denote detected moving objects.

and a 15% gain in F1 score relative to the YOLOv8-seg baseline model, 
while reducing the average flow computation time by more than 50%. 
These results verify the synergy between spatial detection and tempo-
ral motion compensation, validating the design of YOLO-MOTF as a 
lightweight and temporally aware model suitable for real-time dynamic 
object detection.

5.  Conclusion

In this research, we propose a novel model designed to detect dy-
namic objects in environments with high motion using a lightweight, 
temporally guided framework. By combining optical flow, ORB-based 
feature extraction, and motion-guided feature fusion, our model effec-
tively identifies dynamic objects from a mobile camera while reducing 
static false positives. Importantly, it introduces MAG and HMC strategies 
to distinguish actual object movement from background motion caused 
by egomotion, one of the key challenges in dynamic visual perception. 
The novelty of YOLO-MOTF lies in its integrated motion-temporal fusion 
architecture, which embeds motion reasoning directly into the detection 
pipeline addressing temporal misalignment in uniform and sequential 
fusion models.

Across benchmark datasets such as MOTS, KITTI, DAVIS, VisDrone, 
and a custom navigation set, our model consistently outperforms state-
of-the-art detectors and MOTS models in terms of segmentation accu-
racy, F1 score, and robustness in cluttered scenes. In particular, the in-
clusion of an occlusion handling buffer allows our system to preserve 
object detections even through brief occlusions, achieving smoother and 
more reliable tracking in real-world navigation scenarios. Compared to 
dense flow-based systems, our packet-based method yields a 93-95% 
reduction in computation time per frame, making it ideal for real-time 
deployment in assistive technologies. Our comprehensive ablation study 
confirmed the distinct value of each component in the pipeline, result-
ing in a 32.1% increase in precision and a 15% gain in F1 score over the 
baseline model.

Beyond technical performance, the proposed model offers signifi-
cant practical value. Its computational efficiency and robustness to ego-
motion make it well suited for integration into resource-constrained 
platforms such as assistive wheelchairs, mobile robots, and low-power 

embedded systems. By enabling accurate and continuous detection 
of moving obstacles in dynamic scenes, our approach contributes to 
safer and more intelligent navigation. Most importantly, its appli-
cability in healthcare settings, such as supporting visually impaired 
users in wheelchair navigation and rehabilitation, demonstrates how 
knowledge-based dynamic perception can directly enhance auton-
omy, safety, and decision making in real-world intelligent mobility
systems.

6.  Limitations and future directions

Despite the performance gains demonstrated by YOLO-MOTF, its 
architectural dependencies introduce specific operational constraints. 
Firstly, the reliance on sparse feature matching (ORB) for homography 
estimation assumes a ’rigid world’ with sufficient texture. In scenarios 
involving homogeneous surfaces (e.g., snowy landscapes, featureless as-
phalt, or clear sea surfaces), the sparsity of valid keypoints can lead to 
unstable ego-motion compensation, potentially causing the temporal fil-
ter to misidentify background segments as dynamic targets. Secondly, 
while the 2.98M parameter footprint is optimized for edge deployment, 
the current implementation handles long-term occlusions through lin-
ear motion extrapolation. This means, if an object is occluded for a 
significant duration during a sharp camera maneuver, the non-linear 
displacement may cause the system to lose the object’s identity. To mit-
igate these issues, we plan to investigate hybrid motion estimation that 
combines traditional keypoint geometry with deep optical flow to han-
dle regions with no texture. Furthermore, future work will focus on a 
transformer based temporal aggregator that can maintain long range 
dependencies, ensuring tracking stability even during prolonged occlu-
sions and extreme motion blur. Finally, we aim to evaluate the frame-
work’s adaptability to resource constrained edge deployment. Given the 
model’s optimized parameter footprint, future research will focus on 
hardware level acceleration and the implementation of TensorRT or 
OpenVINO optimizations. This will facilitate the integration of YOLO-
MOTF into real-time embedded systems, such as UAV flight controllers 
and mobile robotics platforms, where high accuracy motion awareness 
must be achieved within a limited power budget.
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