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Road semantic segmentation plays a key role in scene understanding for
autonomous and assisted driving systems, but accurate pixel-level
labeling of each frame of road videos is expensive and time-consuming.
In this paper, a semi-supervised learning framework for semantic
segmentation of road videos is introduced, which relies on exploiting
motion constraints extracted from point tracking. In this approach, only
the first frame of each 15-frame sequence is manually pixel-labeled, and
for subsequent frames, pseudo-label masks are generated using point
tracking by the CoTracker3 model. These pseudo-labels are then used to
semi-supervisedly train a lightweight LR-ASPP-based segmentation
network with a MobileNetV3 backbone. The combined error function
consists of a supervised component on labeled frames and a pseudo-
supervised component considering tracked pixels. The proposed
framework is evaluated on the KITTI-STEP dataset, which is an extended
version of KITTI for segmentation and tracking of each pixel in video.
The results show that the proposed semi-supervised model SSL-Tracker
achieves an mloU of 27.67% and a pixel accuracy of 72.58%, recording
a 2.54% improvement in mloU over the fully supervised base model
trained only with labeled frames (25.13%). A more detailed analysis of
the classes shows that the use of point tracking provides a significant
advantage, especially for dynamic classes such as “car” and “bicycle”.
These results indicate that a significant improvement in semantic road
segmentation can be achieved by exploiting the motion information
embedded in the video without increasing the number of manual labels.

How to cite: Mohammadi, M. (2026). Using semi-supervised learning and video point tracking for automatic monitoring of
land use changes in regional transportation axes.476-492. Geography and Regional Planning, 16(3),https://doi.org
10.22034/jge0q.2025.546328.4338

© Author(s) retain the copyright and full publishing rights
DOI: https://doi.org/ 10.22034/jge0q.2025.546328.4338

Publisher: Qeshm Institute of Higher Education


mailto:mohamadmohamadibi79@gmail.com?subject=mohamadmohamadibi79@gmail.com
https://doi.org/10.22034/jgeoq.2025.415761.4064
mailto:https://creativecommons.org/licenses/by/4.0/?subject=https://creativecommons.org/licenses/by/4.0/

Geography and Regional Planning, Vol 16. Issue 3, 2026

477

Introduction

Semantic road segmentation is a fundamental
task in computer vision, particularly for
intelligent transportation systems,
autonomous vehicles, and advanced driver-
assistance systems. It involves assigning a
semantic label to each image pixel, identifying
categories such as roads, sidewalks, vehicles,
pedestrians, buildings, and the sky. Although
deep learning methods have significantly
improved segmentation accuracy, their
effectiveness generally depends on large
datasets with pixel-level annotations, which
are expensive and time-consuming to
produce. Semi-supervised learning offers a
promising alternative by combining a limited
number of labeled images with a larger
collection of unlabeled video frames. Road
videos also contain valuable temporal and
motion information that can support
consistent semantic predictions  across
consecutive frames. This study proposes a
semi-supervised framework that uses
CoTracker3 to track points across video
sequences and propagate semantic labels from
an annotated frame to subsequent unlabeled
frames. The generated pseudo-labels are then
used to train a lightweight semantic
segmentation network based on LR-ASPP and
MobileNetV3. The proposed approach is
evaluated on the KITTI-STEP dataset to
assess its effectiveness in improving
segmentation performance while reducing the
need for manual pixel-level annotation.
Methodology

This study employs an experimental approach
using the KITTI-STEP dataset, divided into
non-overlapping sequences of 15 video
frames. Only the first frame of each sequence
is manually annotated. CoTracker3 tracks
sampled points across subsequent frames to
generate pseudo-labels. These labels train a
semi-supervised LR-ASPP  segmentation
network with a MobileNetV3 backbone,
combining supervised and pseudo-supervised
cross-entropy  losses.  Performance s
evaluated using pixel accuracy and mean
Intersection over Union (mloU).

Results and Discussion

The findings indicate that the proposed SSL-
Tracker framework improves semantic
segmentation by incorporating point-tracking
information into semi-supervised learning.
Experiments on the KITTI-STEP dataset

show that the proposed approach achieves a
pixel accuracy of 72.58% and an mloU of
27.67% in the reported sampling-grid
experiment, compared with 70.47% pixel
accuracy and 25.13% mloU for the baseline
model. The results demonstrate that tracking-
based pseudo-labels can enhance
segmentation performance without requiring
additional manual annotations. Class-specific
analysis reveals particularly meaningful
results for dynamic objects, including cars and
bicycles. The reported intersection over union
reaches 38.01% for cars and 11.69% for
bicycles, whereas improvements for static
classes, such as buildings and fences, are more
limited. Temporal analysis indicates that
pseudo-label quality generally declines as the
distance from the annotated frame increases.
However, this reduction remains relatively
gradual across the 15-frame sequences. The
proportion of successfully tracked points also
decreases in later frames because of occlusion
and objects moving outside the camera’s field
of view. Additional experiments show that a
300 x 300 sampling grid achieves the best
performance among the tested configurations.
Moreover, setting the pseudo-label loss
coefficient to 1 produces the highest reported
mloU. Overall, the findings confirm the
potential of point tracking to improve semi-
supervised road-scene segmentation.
Conclusion

Neoliberalism This study proposed a semi-
supervised  framework  for  semantic
segmentation of road scenes using point
tracking with CoTracker3. The primary
objective was to reduce dependence on
expensive pixel-level annotations while
improving segmentation performance across
video sequences. In the proposed approach,
only the first frame of each 15-frame sequence
requires manual annotation, while pseudo-
labels for subsequent frames are generated by
tracking points and transferring their semantic
labels. These pseudo-labels are then used to
train a lightweight segmentation network
based on LR-ASPP and MobileNetV3.
Experimental results on the KITTI-STEP
dataset demonstrate the potential of this
approach to  improve  segmentation
performance without increasing manual
annotation requirements. The reported
experiments show that the proposed method
achieves a pixel accuracy of 72.58% and an
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mloU of 27.67%, compared with 70.47%
pixel accuracy and 25.13% mloU for the
baseline model. Class-specific analysis
indicates that point tracking is particularly
beneficial for dynamic objects, including cars
and bicycles, whereas improvements for static
categories are more limited. Temporal
analysis also reveals a gradual decline in
pseudo-label quality in later frames, mainly
because of occlusion, reduced visibility, and
objects leaving the camera’s field of view.
These findings highlight the importance of
reliable tracking and filtering uncertain pixels
during pseudo-label generation. Several
directions can improve the proposed
framework in future research. First,
combining point tracking with depth
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