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One of the major challenges in the semantic segmentation of road videos is the effective
use of the three-dimensional structure of the scene and camera motion, while only two-
dimensional pixel-level annotations are available. This article introduces a semi-
supervised learning framework for semantic segmentation that leverages geometric
constraints derived from depth and camera motion in video. In this approach, for each
15-frame sequence, only the first frame has manual pixel-level labels, and for the
subsequent frames, pseudo-labels are generated through the “geometric warping” of the
mask from the labeled frame to the other frames. To estimate monocular depth and the
relative camera motion between frames, the Monodepth2 model is used, which performs
self-supervised learning of depth and camera motion through novel-view synthesis and
photometric reprojection error. Based on the estimated depth and motion, each pixel
from the mask of the reference frame is mapped into three-dimensional space and then
projected onto the target frame. By comparing the warped depth with the estimated depth
in the target frame, a validity mask is constructed to refine the pseudo-labels. These
pseudo-labels are then used for semi-supervised training of the same LR-ASPP
segmentation network. Evaluation on the KITTI-STEP dataset shows that the semi-
supervised model based on geometric warping (SSL-Warp) achieved an mloU of
25.73% and a pixel accuracy of 71.42%, producing a modest performance improvement
compared with the first-frame-only baseline model. The analysis of the results indicates
that depth and camera motion constraints are highly beneficial for static classes such as
road and vegetation; however, for independently moving objects, they need to be
combined with explicit motion information.

Keywords: video semantic segmentation, semi-supervised learning, monocular depth
estimation, camera motion, geometric constraints, pseudo-labeling
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1. Introduction

he digital transformation of transportation systems has
shifted road-infrastructure management from a
predominantly reactive and inspection-based model toward
an intelligent, data-driven, and predictive paradigm. In
contemporary intelligent transportation systems, cameras
installed on vehicles, road corridors, mobile robots, and
autonomous platforms continuously generate large-scale
visual data that can support engineering decision-making,
infrastructure monitoring, safety assessment, traffic control,
asset management, and operational planning. However, the
managerial value of these data depends on the ability of
computational systems to transform raw visual streams into
reliable semantic information. Among different computer-
vision tasks, semantic segmentation is particularly important
because it assigns a semantic category to each pixel and
therefore provides fine-grained scene understanding. In road
environments, semantic segmentation enables the
recognition of drivable areas, sidewalks, vegetation,
buildings, traffic signs, pedestrians, vehicles, and other
relevant components of the mobility environment. Such
information is not only technically relevant for perception
modules in autonomous systems but also strategically
important for transportation management, because accurate
scene decomposition can improve resource allocation, risk
identification, route planning, infrastructure maintenance
prioritization, and engineering decisions under uncertainty.
Despite the rapid development of deep learning, robust
semantic interpretation of road videos remains a challenging
problem. Road scenes are characterized by perspective
changes, lighting variation, occlusion, dynamic objects,
camera ego-motion, and complex spatial structures. More
importantly, pixel-level annotation is expensive, time-
consuming, and difficult to scale across long video
sequences. From a management perspective, this creates a
resource-efficiency problem: transportation authorities,
engineering teams, and technology developers require large
amounts of annotated visual data to train reliable models, but
the production of dense labels requires extensive human
labor and financial cost. Therefore, methods that can exploit
unlabeled or weakly labeled video frames are highly
valuable because they reduce annotation dependence while
increasing the operational feasibility of vision-based
transportation intelligence. This concern is consistent with
the broader evolution of visual localization, mapping, and
perception systems, in which recent studies increasingly
seek to combine deep learning, semantic reasoning,
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geometric modeling, and motion-aware constraints to
improve performance in complex and dynamic
environments (Chen et al., 2024; Sahili et al., 2023).

The problem becomes more complex when a system must
process road videos rather than isolated images. In video,
consecutive frames are not independent; they are related
through camera motion, scene geometry, object motion, and
temporal continuity. This temporal structure represents an
important source of information that can be exploited to
transfer labels from annotated frames to unannotated frames.
However, naive temporal transfer may produce inaccurate
pseudo-labels when objects move independently, when
occlusions occur, or when camera motion changes rapidly.
Therefore, an effective semi-supervised segmentation
framework should not only propagate semantic information
across frames but should also incorporate constraints that
determine whether the propagated labels are geometrically
reliable. In this regard, depth estimation and camera-motion
estimation provide a principled basis for label propagation
because they connect two-dimensional image pixels to the
three-dimensional structure of the scene. The use of
geometric constraints in dynamic visual systems has become
a prominent research direction, particularly in visual
simultaneous localization and mapping (VSLAM), where
semantic and geometric information are frequently
combined to improve robustness under dynamic conditions
(Lietal., 2025; Liao et al., 2025; Zhang et al., 2023).

The importance of geometry-aware perception is also
evident in the literature on semantic SLAM and dynamic-
environment mapping. Traditional visual SLAM systems
often assume that the observed environment is mostly static;
however, this assumption is frequently violated in road and
urban settings where vehicles, pedestrians, cyclists, and
other movable agents continuously change their positions.
To address this problem, recent studies have introduced
semantic  constraints,  object  detection, instance
segmentation, moving-object tracking, graph optimization,
point-line  feature fusion, and dynamic rejection
mechanisms. For instance, approaches based on semantic
segmentation and object-level reasoning have been
developed to remove or down-weight dynamic regions,
improve localization accuracy, and enhance map
consistency in dynamic environments (Chang et al., 2023;
Wei et al., 2023; Yao et al., 2023; You et al., 2022).
Although these studies mainly focus on localization and
mapping, their underlying insight is highly relevant to
semantic segmentation: reliable visual understanding in
dynamic scenes requires the integration of appearance,


https://journals.kmanpub.com/index.php/jppr/index

Mohammadi et al.
MAN

PUBLISHING INSTITUTE

semantics, motion, and geometry rather than reliance on
two-dimensional image features alone.

In the context of transportation and road-scene analysis,
semantic information can also support localization and map
matching. Semantic map matching methods for autonomous
vehicles demonstrate that road objects and scene categories
can provide stable cues for positioning and environmental
interpretation, especially when traditional localization
signals are noisy, unavailable, or insufficient (Huang et al.,
2023). Similarly, visual-inertial SLAM systems use inertial
priors, semantic constraints, and adaptive mechanisms to
improve stability in dynamic scenes (Sun et al., 2023). These
developments indicate that semantic scene understanding is
not an isolated perception problem but part of a broader
decision-support architecture. In practical transportation
systems, the ability to segment road scenes can directly
influence engineering decisions, including which areas
require maintenance, where safety risks are concentrated,
how traffic participants interact with infrastructure, and how
autonomous or semi-autonomous systems should allocate
computational attention. Accordingly, semantic
segmentation can be viewed as a technical foundation for
managerial and operational intelligence in transportation
systems.

Recent SLAM studies have increasingly emphasized
dynamic-object handling because moving objects are one of
the main sources of visual inconsistency. Systems such as
DMOT-SLAM, DOT-SLAM, and Strong-SLAM employ
object tracking and dynamic-object reasoning to improve
robustness in changing environments (Huang et al., 2024; F.
Wang et al., 2024; Zhu et al., 2024). Other approaches, such
as ADS-SLAM and SFD-SLAM, use adaptive motion
compensation, semantic information, and saliency-region
detection to identify reliable regions and reduce the
disruptive effects of dynamic components (Dai et al., 2024;
Gong et al., 2024). These methods suggest that dynamic
regions should not be treated in the same way as static
regions. For road semantic segmentation, this distinction is
equally important. Static classes such as road, building,
vegetation, terrain, and sky are often more consistent under
camera motion and are therefore more suitable for geometric
propagation. In contrast, dynamic classes such as cars,
pedestrians, riders, motorcycles, and bicycles may violate
the assumptions of camera-motion-based warping because
their displacement is not explained solely by camera ego-
motion.

The recent literature also shows that lightweight and
computationally efficient methods are increasingly
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necessary. Intelligent transportation systems often operate
under real-time or near-real-time constraints, particularly
when deployed on edge devices, mobile robots, autonomous
vehicles, or infrastructure-side cameras. For this reason,
several studies have focused on lightweight segmentation,
low computational cost, and efficient dynamic filtering. For
example, LDVI-SLAM introduced a lightweight monocular
visual-inertial SLAM approach based on motion constraints
for dynamic environments, while DPLS-SLAM combined
point-line feature fusion with a lightweight improved
YOLOv8seg network (Jiang et al., 2025; K. Wang et al.,
2024). Similarly, recent work has proposed low-
computational-cost semantic VSLAM using frame skipping,
dual filtering, and adaptive motion estimation (Gong et al.,
2026). These directions are particularly relevant for
management-oriented engineering applications because the
feasibility of deployment depends not only on model
accuracy but also on computational cost, annotation cost,
scalability, and maintainability. Therefore, a segmentation
framework that reduces annotation requirements while using
available geometric cues can contribute to both technical
performance and resource-efficient decision-making.

Another major trend in the literature is the use of object
detection and segmentation to distinguish dynamic and static
regions. Systems based on YOLO variants, YOLACT++,
mask propagation, and deep mask segmentation have been
proposed to improve perception robustness in dynamic
scenes (Gao et al., 2025; Li et al., 2024; Shen & Zhang,
2025; Zhang et al., 2025). For example, YS-SLAM uses
YOLACT++-based semantic visual SLAM for mobile
robots in dynamic environments, while DMS-SLAM relies
on deep mask segmentation to support semantic visual
SLAM under dynamic conditions (Gao et al., 2025; Li et al.,
2024). These works show that segmentation masks are not
merely output products; they can function as intermediate
decision tools that guide localization, mapping, dynamic-
object rejection, and optimization. In the present study,
segmentation masks play a similar strategic role, but the
focus is reversed: instead of using segmentation to improve
SLAM, estimated depth and camera motion are used to
improve semi-supervised semantic segmentation through
geometrically informed pseudo-label generation.

Geometric constraints have been especially important in
recent dynamic SLAM research because they provide an
interpretable mechanism for assessing whether visual
correspondences are physically plausible. DEG-SLAM, for
example, uses object detection and geometric constraints to
address degenerate motion, while methods based on direct
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geometric constraints and depth image segmentation attempt
to improve robustness when dynamic objects and camera
motion complicate visual estimation (Cao, 2025; Liao et al.,
2025). Similarly, semantic and geometric constraints have
been tightly coupled in complex dynamic environments to
improve the discrimination between reliable static
information and unstable dynamic information (Li et al.,
2025; Zhang et al., 2023). These ideas are central to the
present research because road-video pseudo-labels
generated only through appearance similarity or frame-level
propagation may be unreliable. By contrast, pseudo-labels
generated through depth- and motion-based geometric
warping can be evaluated according to depth consistency,
allowing the model to ignore pixels whose transferred labels
are likely to be geometrically invalid.

At the same time, the literature indicates that no single
strategy fully resolves the complexity of dynamic scenes.
Some methods rely on moving-object tracking, some use
semantic segmentation, some emphasize feature fusion, and
others incorporate graph optimization, mask restoration,
region growing, or large visual models (Liu et al., 2025;
Wang et al., 2025; Wu et al., 2025; Zheng et al., 2025). For
example, motion segmentation has been proposed for indoor
GNSS-denied environments, while instance segmentation
and point-line feature fusion have been used to move toward
biologically inspired visual SLAM in dynamic environments
(Liu et al., 2025; Wu et al., 2025). In another direction,
semantic RGB-D systems with coarse-to-fine dynamic
rejection and static weighted optimization have been
developed to enhance system stability (Wang et al., 2025).
The emergence of large visual models in semantic SLAM
further indicates that the field is moving toward richer
semantic representations and more adaptive scene
interpretation (Zheng et al., 2025). These developments
collectively demonstrate that dynamic-scene perception
requires the integration of multiple sources of information,
while also highlighting the need for methods that remain
practical under limited annotation and computational
resources.

For road semantic segmentation, the central
methodological challenge is therefore how to use the
geometric information embedded in video without requiring
dense annotations for every frame. A semi-supervised
setting in which only the first frame of each sequence is
manually labeled reflects a realistic resource-management
scenario. In such a setting, the model must generate pseudo-
labels for subsequent frames by exploiting the temporal and
geometric relationships between frames. Depth estimation
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allows the system to lift two-dimensional pixels into three-
dimensional space, while camera-motion estimation allows
the projected position of those pixels to be calculated in
target frames. When the warped depth is consistent with the
depth directly estimated in the target frame, the transferred
label is more likely to be reliable; when inconsistency is
high, the pixel can be ignored to avoid contaminating
training with erroneous pseudo-labels. This logic aligns with
the broader emphasis on adaptive filtering, dynamic
rejection, and geometric verification found in contemporary
semantic and dynamic SLAM systems (Cao, 2025; Gong et
al., 2026; Wang et al., 2025; Zhang & Shen, 2025).

The managerial relevance of this approach lies in its
potential to reduce the human and computational resources
required for developing reliable transportation perception
systems. Manual annotation of road videos is expensive,
especially when dense pixel-level labels are required across
long sequences. By using a single annotated frame to
generate pseudo-labels for subsequent frames, the proposed
framework addresses a practical bottleneck in the
deployment of intelligent transportation analytics.
Moreover, the use of depth consistency as a validity criterion
introduces a quality-control mechanism that can reduce the
risk of training on incorrect labels. In engineering-
management terms, this contributes to more efficient data
utilization, improved model-development workflows, and
better  decision-support systems for transportation
applications. Related studies on accurate RGB-D visual
SLAM, region-growing-based dynamic SLAM, and non-
blocking semantic detection with mask propagation indicate
that robustness, efficiency, and reliability are increasingly
treated as integrated design requirements rather than
separate technical objectives (Li & Luo, 2024; Zhang et al.,
2025; Zhang & Shen, 2025).

Nevertheless, the use of depth and camera-motion
constraints also has inherent limitations. Since the geometric
transformation is based primarily on camera ego-motion and
estimated scene depth, it works best when the observed
scene is static or quasi-static. In road environments,
however, many important classes are dynamic and may
move independently of the camera. Vehicles, pedestrians,
cyclists, and riders may change position between frames in
ways that cannot be explained by the camera-motion matrix
alone. As a result, geometrically warped labels may be
inaccurate or may need to be removed by the depth-
consistency filter. This limitation is consistent with recent
research showing that robust performance in dynamic
environments often requires explicit modeling of object
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motion, semantic awareness, tracking, and dynamic filtering
(Huang et al., 2024; Liu et al., 2025; F. Wang et al., 2024;
Zhu et al., 2024). Therefore, a depth- and camera-motion-
based semi-supervised framework should be understood as
an important step toward resource-efficient segmentation,
particularly for static and structurally stable classes, while
future improvements may require integration with explicit
optical flow, object tracking, or instance-level motion
estimation.

In summary, the growing body of research on semantic
SLAM, dynamic visual localization, motion-aware
mapping, and geometry-based filtering shows that intelligent
perception in complex environments increasingly depends
on the integration of semantic and geometric information.
However, most existing work emphasizes the use of
semantic segmentation to improve SLAM or localization,
whereas fewer studies examine how depth and camera-
motion constraints can be used to generate reliable pseudo-
labels for semi-supervised video semantic segmentation.
This gap is particularly important in road-scene analysis,
where dense annotation is costly and where transportation
managers and engineering teams require scalable methods
for converting video data into actionable semantic

Figure 1
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information. By developing a semi-supervised segmentation
framework based on geometric warping and depth-
consistency refinement, the present study responds to both a
technical need in computer vision and a managerial need for
efficient resource utilization in intelligent transportation
systems.

The aim of this study is to develop and evaluate a semi-
supervised road semantic segmentation framework that uses
monocular depth estimation and camera-motion constraints
to generate and refine pseudo-labels for unlabeled video
frames, thereby improving resource-efficient engineering
decision-making in intelligent transportation systems.

2. Methods and Materials

The proposed method consists of three main steps:
estimating depth and camera motion for consecutive frames,
geometrically warping the mask of the reference frame to the
target frames using this information, and refining pseudo-
labels based on depth consistency. The general framework
proposed for generating pseudo-labels based on depth and
camera motion is shown in Figure 1.

Pseudo-label generation process using depth and camera motion estimation

Depth and motion
estimation

(Monodepth2)

Depth Map Dy and Dy and
transformation matrix

Compare Dy and Dy and
apply validation mask
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Each of these steps is explained in this section.

2.1. Depth and Motion Estimation Using Monodepth2

For depth and motion estimation, the Monodepth2
implementation was used. This model is trained in a self-
supervised manner using only monocular videos. In this
model, for each image frame I, the depth network generates
a corresponding depth map D.with matching spatial
dimensions. In addition, the motion network receives the
pair of frames I,and I,_,and estimates the camera-motion
transformation matrix T, which includes rotation and
translation in three-dimensional space.

Depth and motion are jointly learned using a photometric
reprojection loss function. Briefly, for each pixel in the
target frame, the corresponding coordinates in the reference
frame are computed using the estimated depth and camera
motion, and the pixel intensity is sampled from the reference
frame. The difference between the reconstructed intensity
and the actual intensity in the target frame, along with a
structural similarity term (SSIM), is considered the
reprojection error for that pixel. To reduce the effect of
occlusions, Monodepth2 uses minimum reprojection loss
across multiple reference frames and applies auto-masking
to remove pixels whose motion is inconsistent with the
camera-motion model, such as independently moving
objects.

In this study, a Monodepth2 model pre-trained on the
KITTI driving dataset was used (Geiger, 2012), and no
retraining was performed due to resource constraints. For
each 15-frame sequence, this model provides depth maps for
different frames and estimates motion between consecutive
frames.

2.2. Geometric Warping of the Reference-Frame Mask to
Target Frames

Assume that frame I,_;, as the reference frame, has a
semantic mask M,_;, and the objective is to generate the
corresponding mask M, for frame I, which has no manual
annotation. For each pixel p,_; = (u, v, 1)in the reference
frame whose semantic class is known in M,_;, the
corresponding three-dimensional coordinates in the
reference-camera coordinate system are first computed
using the estimated depth D,_,(p;—,)and the camera
intrinsic matrix K:

Py = Dy (Pe-1)K 04 (1)
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Then, using the camera-motion transformation matrix T,
this point is reprojected into the target-camera coordinate
system:

Py =TP_, (2)

Finally, the three-dimensional point P,is mapped onto the
image plane of the target frame using the intrinsic matrix K:
pe = KP;

After normalization, the pixel coordinates (u'»v')are
obtained, and the mask class at pixel (w v)is transferred to
pixel (u'v")in the target frame. This process is repeated for
all pixels of the reference mask and results in an initial
warped mask M;.

2.3. Pseudo-Label Refinement Based on Depth Consistency

Geometric warping alone may lead to incorrect labels in
the presence of depth-estimation errors, motion-estimation
errors, occlusions, and independently moving objects. To
reduce these errors, a refinement step is applied based on
depth consistency between the depth map warped from the
reference frame to the target frame and the directly estimated
depth map for the target frame.

Specifically, in the same way that the mask M,_,is
warped into My, the depth map D,_,is also transformed into
a warped depth map D/using the same geometric warping
procedure. Then, for each pixel, the warped depth D/is
compared with the directly estimated depth D, and the
relative error is computed as follows:

| D{ — D, |

Error = D—t 3)

If this error for a pixel is greater than a predefined
threshold, for example 0.05, the pixel is considered invalid,
and its label is marked as “ignore.” Thus, a validity mask is
constructed that treats only those pixels as valid for which
the warped depth and the estimated depth are consistent.

The final pseudo-label M.is obtained by applying this
validity mask to the initial mask M. This refinement process
removes a considerable portion of incorrect labels,
particularly in regions affected by occlusion or independent
motion, and improves the overall quality of the pseudo-
labels. An example of the predicted depth map, the relative
depth-error map, and the resulting validity mask is shown in
Figure 2.
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Figure 2
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Illustration of the predicted depth map, consistency error, and final mask.

frame

validation error depth gth

mask

The LR-ASPP segmentation network with a
MobileNetV3 backbone is used to learn the mapping from
the image to the semantic mask. The main difference lies in
the type of pseudo-labels used for unlabeled frames; here,
the pseudo-labels are obtained through geometric warping
based on depth and camera motion.

At each step, a batch containing frames with ground-truth
labels and frames with pseudo-labels is selected. The overall
loss function is the same combination of supervised and
pseudo-supervised loss, controlled by the coefficient 4. In
this article, 1 = 1also provided the best balance between the
two components.

Training was performed on the training set of the KITTI-
STEP dataset, and evaluation was conducted on the
validation set of the same dataset. Optimization was carried

out using the SGD algorithm (Robbins, 1951) with an initial
learning rate of 0.0001, and the learning rate was reduced
during training using the MultiStepLR scheduler. The
number of training epochs was set to 100.

3. Findings and Results

In this section, the performance of the SSL-Warp model
on KITTI-STEP is presented and compared with the
supervised baseline model, SSL-First.

Table 1 presents the overall results based on the mloU
and pixel accuracy metrics. The comparative mloU chart for
the baseline model and the SSL-Warp model is shown in
Figure 3.
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Table 1

Performance Comparison of the Methods

Method mloU Accuracy

Baseline method 25.13 70.47

Proposed method 25.73 71.42
Figure 3

Comparative mloU chart

mloU Comparison (Warp vs First)

0.25 1

0.20 4

0.05

PO FIVA

—— SSL-Warp
—— SSL-First

The results indicate that the SSL-Warp model achieved
approximately a 0.6%improvement in mloU and
approximately a 1%improvement in pixel accuracy
compared with the supervised baseline.

Class-wise loU analysis shows that the SSL-Warp model
performs well for static classes such as “building” and
“wall,” but performs more weakly for dynamic classes such
as “car” and “bicycle” because these classes have
independent motion relative to the scene.

This behavioral difference can be interpreted as follows:

geometric warping based on depth and camera motion

Table 2

Class-Wise loU Values

T
40

T T T
60 80 100
Epoch

naturally models movements resulting from camera
displacement and is effective for static scenes. However, for
objects that move independently relative to the camera, the
assumptions of the model are violated, and geometric
warping cannot correctly predict their new locations.
Although refinement based on depth consistency can remove
part of these errors, because there is no explicit model for
object motion, less semantic information related to such
objects is transferred to the target frames. The class-wise loU
values are presented in Table 2.

Class SSL-Tracker
Road 63.16
Sidewalk 8.18
Building 17.04
Wall 0.04
Fence 2.95
Pole 8.11
Traffic light 1.14
Traffic sign 5.49
Vegetation 73.48
Terrain 38.79
Sky 71.33
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Pedestrian 0.95
Rider 0

Car 23.97
Truck 0
Bus 0.03
Train 0
Motorcycle 0
Bicycle 0.20

In analyzing the stability of pseudo-labels across frames,
it is observed that the mloU of pseudo-labels obtained
through geometric warping also decreases as the distance
from the reference frame increases; however, the rate of

Figure 4

mloU per frame for SSL-Warp

decline varies depending on the scene structure. Changes in
pseudo-label mloU with respect to frame number are shown
in Figure 4.

104

0.9 4

4
@

Mean mioU

o
<

0.6

H
~
w
a4
5}
o

In sequences where camera motion is mild and the scene
is relatively static, geometric warping can generate
acceptable labels even for more distant frames. In contrast,
in sequences involving intense camera maneuvers or the
presence of diverse moving objects, pseudo-label quality
declines more rapidly.

The role of refinement based on depth consistency was
highly important in improving the results. Without this step,
many pixels in the warped mask, particularly in occluded

Figure 5

Percentage of pixels remaining after refinement

7

8 9 10 11 12 13 14 15

Frame Number

regions, would have incorrect labels. By applying the
relative depth-error threshold, these pixels are removed;
although some parts of the mask are converted into the
“ignore” label, the remaining portion is geometrically
consistent with the depth of the target frame and can be used
as a valid pseudo-label in semi-supervised training. The
percentage of valid pixels remaining after depth refinement
across different frames is presented in Figure 5.

100 4

80 4

60 +

Percentage (%)

40

20 4

7

8 9 10 1 12 13 14 15

Frame Number
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The qualitative results show that in relatively static
scenes, the SSL-Warp model can effectively preserve the
boundaries of the road, sidewalk, and vegetation. In many
samples, the precise shape of the road is acceptably

Figure 6

Predicted masks using the proposed method, Part 1

Frame 1

Journal of Resource Management and Decision Engineering 6:2 (2027) 1-17

maintained across frames due to the consistent warping of
the reference mask to the target frames. Examples of the
generated pseudo-label masks in different parts of the
sequence are shown in Figures 6 to 9.

Frame 2

Frame 4

Figure 7

Predicted masks using the proposed method, Part 2

Frame 5

Frame 6

Frame 7

Frame 8

10
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Figure 8

Predicted masks using the proposed method, Part 3

Frame 9 Frame 10

. i || e » ]

Frame 11 Frame 12

H;‘-_'i

s

Figure 9
Predicted masks using the proposed method, Part 4

Frame 13 frame 14

Frame 15

However, in the presence of overtaking vehicles or the independent motion of these objects. A visual
crossing pedestrians, pseudo-labels in these regions are often comparison of the outputs of the baseline model and the
either removed as invalid or contain inaccurate labels, SSL-Warp model can be seen in Figures 10 and 11.

because the Monodepth2 model does not explicitly model

11
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Figure 10

Visual comparison of the segmentation masks of the SSL-Warp and SSL-First models, Part 1

warpl5 label frame

firstl5

Figure 11

Visual comparison of the segmentation masks of the SSL-Warp and SSL-First models, Part 2

frame

label

warpl5

firstl5

The effect of changing the value of the coefficient 1on
model performance is reported in Table 3.

12
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Table 3

mloU Values for Different AValues

Journal of Resource Management and Decision Engineering 6:2 (2027) 1-17

Avalue SSL-Warp
0.5 24.68
1 25.73
2 25.34

4, Discussion and Conclusion

The findings of this study indicate that incorporating
depth and camera-motion constraints into the semi-
supervised training process produced a measurable but
moderate  improvement  in  road-scene  semantic
segmentation. The proposed SSL-Warp model achieved an
mloU of 25.73% and a pixel accuracy of 71.42%, compared
with 25.13% mloU and 70.47% pixel accuracy for the
baseline  SSL-First model. This improvement of
approximately 0.60 percentage points in mloU and 0.95
percentage points in pixel accuracy suggests that geometric
warping can transfer useful semantic information from a
manually labeled reference frame to subsequent unlabeled
frames. Although the magnitude of improvement is limited,
it is meaningful in the context of a highly resource-
constrained semi-supervised setting in which only the first
frame of each 15-frame sequence is manually annotated.
This result supports the broader argument that semantic
perception systems can benefit from integrating geometric
and motion-based constraints rather than relying exclusively
on two-dimensional pixel-level supervision. Similar
tendencies have been observed in recent visual localization
and mapping studies, where the fusion of semantic
information, geometric consistency, and motion estimation
has been shown to improve robustness in dynamic and
complex environments (Chen et al., 2024; Sahili et al., 2023;
Zhang et al., 2023).

The superiority of SSL-Warp over the first-frame-only
baseline can be explained by the fact that road videos contain
strong temporal and geometric continuity. When camera
motion and scene depth are estimated with sufficient
reliability, the semantic mask of the reference frame can be
projected into subsequent frames in a geometrically
meaningful way. This mechanism increases the amount of
training supervision without requiring additional manual
annotation. In this regard, the results align with studies
emphasizing that geometric constraints can improve visual
understanding by filtering unreliable correspondences and
preserving spatial consistency across frames (Cao, 2025; Li
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et al., 2025; Liao et al., 2025). The depth-consistency
refinement step was particularly important because it
prevented all warped pixels from being accepted
uncritically. By comparing the warped depth with the
directly estimated target-frame depth, the method removed
pixels whose transferred labels were likely to be
geometrically inconsistent. This mechanism resembles the
dynamic rejection and static-weighted optimization
strategies used in semantic SLAM systems, where
potentially unreliable dynamic regions are suppressed to
protect the stability of localization, mapping, and
optimization (Gao et al., 2025; Shen & Zhang, 2025; Wang
etal., 2025).

The class-wise results further clarify the nature of the
obtained improvement. SSL-Warp produced stronger
performance for structurally stable and relatively static
classes, including vegetation, sky, road, and terrain. The
high loU values for vegetation, sky, and road indicate that
the proposed depth- and camera-motion-based warping
procedure is particularly effective when the spatial position
of scene elements can be explained mainly by camera ego-
motion. This finding is consistent with the theoretical basis
of geometric warping: if the scene is static and the depth and
pose estimates are sufficiently accurate, the projected
position of a pixel in the target frame should remain
geometrically consistent. Similar conclusions can be derived
from semantic SLAM research, where static background
structures and persistent geometric features are commonly
treated as more reliable sources for localization and map
optimization than dynamic foreground objects (Dai et al.,
2024; Gong et al., 2024; Li & Luo, 2024). Therefore, the
present findings confirm that depth and camera-motion
constraints are especially useful for transferring labels
associated with stable road-scene structures.

In contrast, the weak loU values for dynamic or small
object classes, such as pedestrian, rider, motorcycle, bicycle,
truck, bus, and train, show that geometric warping based
only on camera motion is insufficient for objects with
independent motion or limited pixel representation. This
result is expected because the transformation matrix used in
the proposed framework models camera movement, not
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object-specific movement. When a car overtakes, a
pedestrian crosses the road, or a cyclist moves independently
of the camera, the assumption that pixel displacement is
explained by scene depth and camera ego-motion is violated.
Consequently, the warped label may be displaced, removed
by the validity mask, or assigned incorrectly. This finding is
strongly aligned with studies showing that dynamic
environments require explicit mechanisms for moving-
object detection, object tracking, mask propagation, region
growing, and motion segmentation (Huang et al., 2024; F.
Wang et al., 2024; Wu et al., 2025; Zhu et al., 2024). The
results also support the argument that segmentation
frameworks for road videos should distinguish between
camera-induced motion and independently moving objects
if they aim to improve performance on dynamic traffic
participants.

The relatively modest overall improvement can also be
attributed to the limitations of pseudo-label quality. In semi-
supervised segmentation, pseudo-labels are useful only
when they provide reliable additional supervision. If pseudo-
labels are noisy, incomplete, or biased toward static classes,
they may improve some categories while providing little
benefit for others. In the present study, the validity mask
improved the reliability of pseudo-labels by removing
inconsistent pixels; however, this also reduced the amount
of usable supervision in difficult regions. This trade-off
explains why the model improved overall pixel accuracy and
mloU but did not achieve a large performance gain. The
result is comparable to dynamic SLAM studies in which
aggressive filtering of dynamic regions improves stability
but may also reduce the amount of information available for
optimization (Chang et al., 2023; Wei et al., 2023; Yao et al.,
2023; You et al., 2022). Thus, the proposed method appears
to favor precision over coverage: it produces more
geometrically reliable pseudo-labels, but the ignored regions
limit its capacity to learn difficult dynamic classes.

The ablation analysis on the coefficient Aprovides further
insight into the balance between supervised and pseudo-
supervised learning. The best performance was obtained
when A =1, with an mloU of 25.73%. When 1 = 0.5,
performance decreased to 24.68%, suggesting that the
pseudo-label component was underweighted and therefore
did not contribute sufficiently to learning from unlabeled
frames. Conversely, when 1 = 2, mloU declined to 25.34%,
indicating that excessive reliance on pseudo-labels may
amplify residual noise and reduce generalization. This
pattern demonstrates that pseudo-supervision should be
integrated carefully, particularly when pseudo-labels are
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generated through estimated depth and camera motion rather
than ground-truth annotations. The finding is consistent with
broader work on dynamic semantic perception, where
adaptive filtering, frame skipping, and non-blocking
detection are used to regulate the influence of uncertain
visual information (Gong et al., 2026; Jiang et al., 2025;
Zhang & Shen, 2025). In other words, the effectiveness of
geometric pseudo-labeling depends not only on the warping
procedure itself but also on the training strategy that
determines how strongly those pseudo-labels influence
model optimization.

From a management and engineering decision-making
perspective, the results are important because they show that
additional annotation efficiency can be achieved through the
use of geometric constraints. The proposed framework
reduces dependence on dense manual labeling by using only
the first annotated frame of each sequence and generating
pseudo-labels for subsequent frames. Even a moderate gain
in segmentation performance is valuable when it is achieved
under reduced annotation demand. In intelligent
transportation systems, this has direct implications for
resource management, because large-scale road-video
analysis requires scalable, cost-efficient, and operationally
feasible model-training pipelines. Similar priorities are
reflected in lightweight and adaptive SLAM systems that
seek to improve computational efficiency while maintaining
acceptable robustness in dynamic environments (Li et al.,
2024; K. Wang et al., 2024; Zheng et al., 2025). Therefore,
the proposed method contributes not only to technical
segmentation performance but also to the practical problem
of reducing the human labor and computational resources
needed for deploying vision-based transportation analytics.

The qualitative findings reinforce the quantitative results.
In relatively static scenes, the SSL-Warp model preserved
the contours of road, sidewalk, and vegetation more
effectively, suggesting that geometric transfer maintained
semantic continuity across frames. This is especially useful
for transportation applications in which stable background
elements are crucial for route understanding, lane-level
interpretation, infrastructure assessment, and environmental
monitoring. However, the visual results also confirmed that
independently moving objects remain problematic. In
regions containing overtaking vehicles or crossing
pedestrians, pseudo-labels were frequently invalidated or
distorted. This behavior is consistent with the limitations
reported in recent dynamic visual SLAM and semantic
mapping research, where object-level modeling, tracking,
and semantic segmentation are repeatedly introduced to
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address the instability caused by moving agents (Huang et
al., 2023; Liu et al., 2025; Sun et al., 2023; Zhang et al.,
2025). Therefore, the present study confirms that depth and
camera-motion constraints are valuable but incomplete: they
are effective for static geometry but should be
complemented by explicit motion information to address
dynamic objects.

Overall, the findings demonstrate that semi-supervised
semantic segmentation can benefit from the integration of
monocular depth estimation, camera-motion estimation,
geometric warping, and depth-consistency refinement. The
proposed SSL-Warp approach improved performance
compared with the SSL-First baseline and provided a
resource-efficient mechanism for exploiting unlabeled
frames in road-video sequences. The strongest gains were
conceptually associated with static scene categories, while
dynamic and small object classes remained difficult because
their motion cannot be fully modeled by camera ego-motion.
This outcome is aligned with the direction of recent research
in semantic SLAM and dynamic-scene perception, which
increasingly emphasizes the combination of semantic,
geometric, and motion-aware modules to improve
robustness under real-world conditions (Gao et al., 2025;
Liao et al., 2025; Wang et al., 2025; Zhang et al., 2025). The
study therefore contributes to the field by showing that
depth- and motion-based pseudo-label generation can
enhance road semantic segmentation in a low-annotation
regime, while also identifying the need for stronger
dynamic-object modeling in future intelligent transportation
systems.

The main limitation of this study is that the proposed
framework relies on estimated monocular depth and
estimated camera motion rather than ground-truth geometric
information. Any error in depth estimation, pose estimation,
camera calibration, or reprojection directly affects the
quality of the generated pseudo-labels. In addition, the
method assumes that most pixel displacement between
frames can be explained by camera motion, which limits its
effectiveness for independently moving objects such as
vehicles, pedestrians, riders, and bicycles. Another
limitation is that the improvement over the baseline,
although positive, remained modest, indicating that
geometric pseudo-labeling alone is not sufficient to solve the
full complexity of road-video semantic segmentation. The
use of a pre-trained depth-estimation model without task-
specific retraining may also have constrained performance,
especially in scenes with challenging lighting, occlusion,
scale variation, and dense traffic. Finally, evaluation was
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conducted on one dataset, which limits the generalizability
of the results to other road environments, weather
conditions, camera configurations, and transportation
contexts.

Future research should extend this framework by
integrating explicit object-motion modeling, optical flow,
instance tracking, and dynamic-object segmentation into the
pseudo-label generation process. Combining depth- and
camera-motion constraints with object-level motion
estimation may improve label propagation for vehicles,
pedestrians, cyclists, and other independently moving
agents. Future studies should also evaluate the framework
across multiple datasets with different driving conditions,
camera viewpoints, weather patterns, and urban structures to
determine its robustness and transferability. Another
important direction is to fine-tune the monocular depth-
estimation model on target-domain road videos and compare
its effect with the use of a generic pre-trained model. Future
work may also examine adaptive thresholds for depth-
consistency  filtering, uncertainty-aware pseudo-label
weighting, temporal consistency losses, and class-balanced
training strategies to prevent the model from benefiting
mainly from large static classes while neglecting smaller
dynamic categories.

From a practical perspective, transportation organizations
and engineering teams can use the proposed framework as a
cost-reduction strategy for developing road-scene perception
models when dense pixel-level annotation is not feasible.
The method is particularly useful for applications focused on
stable environmental components, such as road boundaries,
vegetation, terrain, sky, and infrastructure-related classes.
Practitioners should treat the generated pseudo-labels as
quality-controlled but incomplete supervisory signals rather
than as replacements for manual annotation. For deployment
in operational transportation systems, the framework should
be combined with validation procedures, periodic human
review, and additional modules for moving-object detection.
Engineering teams should also monitor class-wise
performance rather than relying only on aggregate mloU or
pixel accuracy, because high performance on large static
regions may hide weak performance on safety-critical
dynamic classes.
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