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Abstract— With the rapid developments of autonomous driv-
ing technologies, accurate scene perception has become essential
for safe and efficient navigation. The key perception tasks such
as lane detection, semantic segmentation of road markings and
road area, and object detection directly impact vehicle decision-
making and obstacle avoidance. However, most existing methods
are trained on a single-task dataset, limiting data diversity and
reducing performance in complex scenarios or under occlusion
and illumination variation. In this work we propose a multi-task
perception network based on image sequence input, integrating
lane detection, road marking and road area segmentation, and
object detection into a unified framework. The network model
employs multi-task learning to share features and improve the
computational efficiency, and adopts the cross-dataset training
paradigm to enhance generalization across tasks. Furthermore,
the temporal information from adjacent frames is leveraged to
compensate visual degradation in current frames. Experimental
results obtained on multiple datasets demonstrate the proposed
technique achieves competitive performance compared to state-
of-the-art approaches. Code is available at https://github.
com/hank890121/MTVP

I. INTRODUCTION

Autonomous driving has become one of the most promis-
ing application of intelligent system development, where real
time and accurate perception of the surrounding environment
is crucial to ensuring safe and rational decision-making. The
modern autonomous vehicles typically rely on camera-based
visual perception for scene understanding. It generally offers
rich semantic information at relatively low cost compared to
LiDAR or radar-based approaches. These perception systems
provide critical input for downstream modules such as local-
ization, route planning, vehicle control, obstacle avoidance,
and accident prevention.

In real-world driving environments, it is necessary to have
the sensing system deal with multiple visual perception tasks
concurrently [1], [2]. Among them, three core capabilities are
widely recognized: (1) traffic object detection, which enables
the recognition and localization of vehicles, pedestrians, and
traffic lights and signs; (2) semantic segmentation of drivable
areas, which helps identify navigable road regions for path
planning; (3) lane detection, which identifies lane boundaries
to support the lane-keeping and steering, playing a vital role
in safe and stable driving; and (4) road marking segmenta-
tion, which performs pixel-level recognition of crosswalks,
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arrows, and other markings, enhancing the understanding of
regulations and navigation cues for HD map construction and
intersection reasoning.

While state-of-the-art deep learning models such as YOLO
[3], DeepLab V3+ [4], and Polar R-CNN [5] have achieved
remarkable performance in different task domains, deploying
separate models for individual tasks increases computational
cost, memory usage, and system complexity. This has greatly
reduced the applicabilities to real-time systems, especially on
embedded platforms. To address these challenges, multi-task
learning (MTL) now emerges as an efficient alternative. By
sharing a common feature extractor, MTL-based frameworks
can simultaneously handle multiple tasks, reduce redundant
computation, and improve overall generalization through task
synergies.

There are several pioneering studies explored MTL in the
context of autonomous driving. In [6], YOLOP introduces a
unified model which performs object detection, drivable area
segmentation, and lane detection using a single-stage model.
HybridNets extends this idea with better decoupling between
task heads and a stage-wise training strategy [7]. YOLOPX,
on the other hand, improves the overall architecture and task-
specific feature adaptation scheme [8]. Nevertheless, most of
the existing multi-task frameworks only rely on single dataset
(typically BDD10OK [9]), where the annotations of all tasks
come from the same image set. This induces problems such
as dataset imbalance, annotation quality variation and limited
task-specific diversities. Since lane markings and road signs
might be incomplete or inconsistently labeled in general, the
performance and generalization will degrade across the tasks.
Moreover, road markings such as arrows, crosswalks, dashed
lines, and stop lines play the essential roles in defining traffic
semantics and supporting HD map construction.

Unlike lane lines, the road markings are often finer, more
diverse in the geometry, and subject to frequent occlusion and
wear. Accurate road marking segmentation is thus crucial but
still remains under-explored in general MTL frameworks. In
addition, lane detection is considered as an unsolved problem
in complex environments, especially at nighttime, under rain,
or with strong shadows. These issues necessitate more robust,
and temporally consistent perception strategies employed for
autonomous driving tasks.

To address the challenges, we propose a unified multi-task
visual perception framework which jointly performs vehicle
detection, lane detection, and semantic segmentation of both
drivable regions and road markings. Our network is equipped
with a homography-guided temporal fusion module that can
effectively integrate those features from multiple consecutive
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frames. This design has successfully enhanced the robustness
of lane and road marking detection without requiring camera
poses or additional sensors. The contributions of this work
are as follows:

« We present a multi-task perception model that integrates
four tasks in a unified architecture. By sharing feature
representations and inference pipeline, the network ef-
fectively improves overall computational efficiency and
resource utilization.

e A feature fusion module based on consecutive frames
is designed to improve the prediction stability of lane
line and road marking segmentation tasks.

o A cross-dataset training paradigm is introduced. It ad-
dresses the limitation of existing multi-task perception
models that relied on a single dataset, not only expand-
ing available training resources but also enabling each
sub-task to achieve better performance.

II. RELATED WORK

Multi-Task Learning (MTL) has emerged as an effective
paradigm for visual perception of autonomous driving, aim-
ing to jointly perform tasks such as object and lane detection,
road marking and drivable area segmentation, etc. In contrast
to training multiple single-task networks, MTL significantly
reduces the computational cost and memory usage by sharing
a common encoder, while enhancing generalization through
task synergy. In current literature, several camera-based MTL
frameworks have been proposed to deal with driving-related
vision tasks in a unified model. YOLOP [6] introduced a real-
time multi-task network based on YOLOv4-tiny [10], jointly
performing object detection, lane detection, and drivable area
segmentation. HybridNets improved the architecture design
and training strategy by incorporating BiFPN and stage-wise
optimization, at a cost of reduced the inference speed [7]. In
[8], YOLOPX proposed an anchor-free decoupled detection
head and a lightweight lane head to enhance the flexibility
and accuracy of multi-tasking.

Current techniques for multi-task visual perception mostly
rely on a single dataset for network training. Since the multi-
label annotations can only be provided from the same image
set, the information for lane lines and road markings may
be sparse, inconsistent, or incomplete, and the diversity of
each sub-task is constrained. To mitigate this issue, the cross-
dataset training is explored for multitask learning. Kapidis et
al. proposed a multi-dataset, multitask approach for various
egocentric vision tasks, and demonstrated the improvements
over single-dataset baselines [11]. Zhou et al. [12] presented
a face analysis technique based on multitask learning. They
utilized cross-dataset learning with each dataset covered one
or many task labels. For the multitask road scene perception,
PETRv2 [13] adopted the OpenLane [14] and nuScenes [15]
datasets in the cross-dataset training pipeline, and performed
3D detection and lane estimation tasks.

Object detection is a core function of autonomous driving
systems, responsible for locating and classifying key traffic
participants such as vehicles, pedestrians, and traffic signals.
Among one-stage detection methods, the YOLO family has

progressed from the early anchor-based designs toward more
efficient and lightweight architectures. YOLOvV7 introduced
the E-ELAN backbone with a one-to-many label assignment
strategy, which achieves a strong trade-off between detection
accuracy and real-time performance [16]. Their subsequent
versions continued to refine the design: YOLOvVS enhanced
feature aggregation through a C2f module, while YOLOvV10
adopted a one-to-one detection paradigm that eliminates the
need for non-maximum suppression, making it particularly
suitable for multi-task applications [17], [3]. Meanwhile, the
Transformer-based detectors have advanced rapidly. DETR
established an end-to-end detection framework using bipar-
tite matching [18], which was later improved by variants
such as Deformable DETR and DINO to enhance the con-
vergence speed and accuracy [19], [20]. Despite the strong
performance, the Transformer-based models typically require
more complex training procedures and higher computational
costs, so that YOLO-style detectors remain more practical
for real-time autonomous driving scenarios.

Lane detection has played an essential role in lane keeping,
motion planning, and safe highway driving. Existing studies
explore a wide range of methodological paradigms. Semantic
segmentation-based approaches, such as SCNN [21], utilize
the spatial message passing to produce dense lane predic-
tions, but they often incur high computational overhead and
remain sensitive to occlusions and poor visibility conditions.
Row-wise or column-wise classification methods, including
UFLD, CondLaneNet, and E2E-LMD [22], [23], [24], im-
prove efficiency by predicting lane positions along predefined
image slices for reducing output complexity while preserving
competitive accuracy. Geometric regression approaches, such
as PolyLaneNet and LSTR, focus on learning structured lane
representations through polynomial modeling or transformer-
based sequence prediction, which enhances geometric con-
sistency [25], [26] . Detection-style frameworks like CLRNet
and Polar R-CNN instead formulate lanes as structured detec-
tion targets using anchor-based or polar-coordinate represen-
tations, allowing seamless integration with object detection
pipelines and reducing dependence on post-processing steps
like NMS [27], [5]. In addition, temporal modeling methods,
exemplified by HomoFusion, further strengthen robustness in
the challenging scenarios by aligning and aggregating multi-
frame features through homography-based fusion [28].

Road markings, in contrast to lane lines, exhibit a greater
variability in shape, are typically small in scale, and are more
susceptible to environmental disturbances such as occlusion,
motion blur, and pavement degradation. The properties de-
mand perception models with strong high-resolution feature
representations, precise geometric sensitivity, and robust se-
mantic interpretation capabilities. Despite their importance,
many existing multi-task learning (MTL) frameworks either
give limited attention to this task or merge it into the coarse
drivable-area segmentation, which results in the loss of fine-
grained semantic information. Recent research has attempted
to enhance road-marking segmentation through the strategies
such as LiDAR-vision fusion and knowledge distillation [29].
However, effectively capturing diversity and complexity of
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Fig. 1: The proposed multi-task visual perception framework is composed of five key components: object detection, lane
detection, road marking segmentation, drivable area segmentation, and a temporal feature fusion module. During training,
images are drawn from task-specific datasets and routed only to the modules relevant to their available annotations. In contrast,
during inference, each input image is simultaneously processed by all modules to produce comprehensive perception results.

road markings still relies on large-scale, dedicated datasets
specifically designed for this purpose [30], [31].

III. METHOD

Fig. 1 illustrates the overall design of the proposed multi-
task cross-dataset perception framework. The system com-
prises five primary modules: object detection, road marking
segmentation, drivable area segmentation, lane detection, and
temporal feature fusion. The fusion module is designed to
aggregate the semantic cues from consecutive frames, so to
improve the consistency and robustness of segmentation out-
puts. Given a sequence of input images, a shared backbone
first extracts visual features, which are then distributed to the
respective task-specific heads for prediction.

A. Encoder

Within our multi-task learning framework, the backbone
serves as the core component for generating shared feature
representations across all tasks. It must effectively preserve
low-level geometric details to support structurally sensitive
tasks such as lane and road marking detection, and capturing
high-level semantic information required for object detection
and drivable area segmentation simultaneously. To meet these
requirements, we employ PVTv2-B0 as the backbone due to
its lightweight pyramid architecture and spatial-reduction at-
tention (SRA) mechanism [32], which lowers computational
overhead while maintaining the strong performance in dense
prediction scenarios. Its inherent multi-scale feature outputs
are well suited for handling the object-centric and pixel-level
tasks, making it appropriate for real-time ADAS deployment.
Moreover, we incorporate FPN [33] and PAN [34] to enable
bidirectional feature fusion across scales. This combination
preserves the semantic richness and fine spatial details, and

produces robust fused feature maps for the downstream task-
specific heads.

B. Decoder

1) Object Detection: For the object detection component,
we adopt YOLOvV10 as the detection head. In this model,
YOLO introduces a Consistent Dual Assignment mechanism
that integrates both one-to-many and one-to-one label as-
signment strategies during training. The one-to-many branch
uses a Task-Aligned Assigner (TAL) to allocate multiple
positive samples to each object, to provide richer supervisory
signals and accelerating convergence. Meanwhile, the one-
to-one branch employs top-1 matching to generate a single
prediction for each ground-truth, which directly serves as the
inference pathway. This dual-branch design enables end-to-
end detection without the need for non-maximum suppres-
sion, effectively reducing inference latency. To maintain the
stable optimization across both of the branches, a consistent
matching metric is applied, jointly accounting for classifica-
tion confidence, IoU-based localization quality, and spatial
priors. This unified matching criterion can align the training
objectives of the two branches, leading to improved stability
and better generalization performance.

2) Lane Detection: We adopt Polar R-CNN [5] as the lane
detection module. It is a two-stage, anchor-free framework
formulated in polar coordinate space. The architecture con-
sists of three key components: a local polar module (LPM),
a global polar module (GPM), and a triplet prediction head.
Specifically, the LPM receives the fused feature map Pj as
input and generates polar-form local anchor representations,
including the regression features F'"¢9 and the corresponding
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where (6;, ré) is the polar representation of lane anchor. The
training labels are generated by computing the direction and
distance from a local pole to the nearest point of a lane curve.
Finally, the set of local poles is given by F<* {3 }H W

where s = 1 if the j-th local pole is a positive sample and
s =0 0therw1se We use binary cross-entropy (BCE) as the
loss function £, and smooth L; loss Ereg for regression

The GPM receives the anchor proposals and feature maps
generated by the LPM. Using ROI Pooling, it samples the
fused feature map P, to obtain refined lane anchor features,
which are subsequently fed into separate classification and
regression branches. Conventional lane detection approaches
typically rely on a one-to-many prediction paradigm, which
often requires Non-Maximum Suppression (NMS) to remove
the duplicate results. In contrast, the ternary head design in
Polar R-CNN incorporates an additional one-to-one classi-
fication branch alongside the one-to-many branch, enabling
the model to produce unique lane predictions directly without
relying on NMS. Its loss contains both the classification and
regression components:

g O2M ~O2M 020 020
‘Ccls = Wels ‘ccls + Wels ‘Ccls (2)
g _ ,,02M pO2M O2M ,»O2M
'Creg GIOU’CGIOU +w, Wend ’Cend
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where wg", wyl, Wiy, and we.g are the weighting for
different loss terms. We use focal loss for L™ and £92°,
and £92M is the smooth L; loss from the endpoints of lane

lines. Finally, the total loss for lane detection is

ﬁlane ‘Ccls + 'Cll'eg + ’Ccls + ’C?Eg (3)

3) Segmentation: For both drivable area and road-marking
segmentation, we employ SegFormer [35] as the core frame-
work. This Transformer-based architecture offers a favorable
trade-off between accuracy and computational efficiency. In
our network model, we replace the original MiT backbone by
PVTv2 to enhance performance while keeping the model size
and computational overhead comparable. During the training,
we apply a cross-entropy loss to supervise the segmentation
outputs, enabling reliable pixel-level classification.

4) Feature Fusion Module: The temporal feature fusion
module is designed to improve the perception of static road
scenes, such as lane line and marking. It begins by extracting
keypoints from consecutive frames using LightGlue [36]. To
maintain geometric reliability, extracted keypoints are filtered
with a drivable-area segmentation mask so that only road-
surface features are preserved. A homography matrix is then
computed using the Direct Linear Transform (DLT) method
and further refined with RANSAC [37] to eliminate outliers.
After the alignment, a pixel-to-pixel attention mechanism is
applied to fuse homography-warped features from previous
frames with those of the current image.

Given current and previous frame features P![p] (queries)
and P'~[p] (keys), a similarity is derived after L, normal-
ization
_ Pl P

[Ptpll2 [P [pll2”

and the weight is calculated by softmax

a; i=1,2 &)
exp a;
> expa;

Finally, the fused representation is obtained as

P'p'] = +ZWP“ , i=12 (6

W; = ®)

By integrating semantic masking with geometric alignment,
the feature fusion module effectively removes dynamic or ir-
relevant regions, such as vehicles, pedestrians, and surround-
ing structures, while improving the alignment of road-surface
features. As a result, lane markings and structural details are
more consistently maintained across frames, producing more
stable and reliable representations for downstream tasks, in-
cluding lane detection and overall road scene understanding.

IV. EXPERIMENTS

A. Dataset and Implementation

We adopt the BDD100K dataset [9] to evaluate the object
detection and road surface segmentation performance. It is a
large-scale benchmark containing over 100,000 driving video
frames captured under the diverse scenes, weather conditions,
and lighting environments. BDD100K provides annotations
for multiple perception tasks, including the object detection,
semantic segmentation, drivable area and lane marking de-
tection. In this work, we primarily utilize the object detection
and semantic segmentation subsets, while also leveraging the
drivable area and lane marking annotations to ensure the fair
comparisons with existing multi-task learning methods.

For the lane detection evaluation, we adopt the VIL-100
dataset [38], which consists of 100 driving videos and 10,000
high-resolution images (1920 x 1080). It includes the detailed
annotations for ten types of lane markings, including solid
lines, dashed lines, curved lanes, and double lines, captured
under diverse and challenging conditions, including heavy
traffic, shadows, low illumination, and worn/degraded road
markings. Designed to assess both robustness and general-
ization, this dataset provides a comprehensive benchmark for
lane detection in complex real-world driving environments.

To assess the road marking segmentation performance, we
employ the SeRM dataset [30], a large-scale benchmark de-
veloped for semantic segmentation and HD map construction
using monocular imagery. SeRM contains 25,158 pixel-level
annotated images, 19,998 for training and 5,160 for testing,
each with image resolution of 1280 x 672, collected across
diverse traffic scenes in South Korea, including urban roads,
intersections, and highways. It provides high-quality, consis-
tent annotations for 17 classes of road markings and traffic
signs, making it a dependable benchmark for segmentation
evaluation. Following the dataset setting, only the lower half
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TABLE I: The experimental results on traffic object detec-
tion. It is evaluated with recall rate and mAP@50.

Type Method Recall (%) mAP@50 (%)

Single-task ~ YOLOv10s [3] 933 83.0
YOLORP [6] 89.2 76.5
HybridNets [7] 92.8 77.3

Multi-task YOLOPv2 [39] 91.1 834
A-YOLOM (s) [40] 86.9 81.1
YOLOPX [8] 93.7 83.3
Ours 93.1 833

of each image is annotated, and all evaluations are conducted
accordingly.

We use mean average precision (mAP) with mAP@0Q.5 :
IoU > 0.5 and recall as the evaluation metrics of the object
detection task carried out on BDD100K. Lane detection on
the VIL-100 dataset is assessed using precision, recall, F1-
score, and accuracy, where the predicted lanes are considered
correct when their overlap with ground truth satisfies an IoU
threshold of at least 0.5. For the semantic segmentation tasks,
including drivable area and road marking segmentation, we
use mean Intersection over Union (mloU) as the evaluation
metric to measure network performance for comparisons.

All experiments are performed on a workstation featuring
an NVIDIA GeForce RTX 4090 GPU with 24 GB memory,
an Intel i7-13700K processor, and 64 GB system RAM. Input
images are resized to 640 x 384 to achieve a balance between
computational efficiency and feature map detail. The models
are trained utilizing AdamW as the optimizer with an initial
learning rate of 0.0006, a weight decay of 0.001, and a batch
size of 8, while a cosine annealing scheduler is employed to
ensure stable convergence. A two-stage training scheme is
adopted: The branch of drivable area segmentation is trained
independently for 30 epochs first; The segmentation decoder
is then frozen while the object detection and lane detection
branches are trained for an additional 80 epochs, using the
segmentation masks used to support feature fusion.

The overall training objective is a weighted sum of task-
specific losses:

£tm‘,al = Aobjﬁobj + )\lane‘clane (7)
+ /\rmsegcrmseg + )\Taseg[/raseg

where the weights A\opj, Ajanes Armseg aMd Argseq correspond
to object detection, lane detection, road marking segmenta-
tion and road area segmentation, and are given by 1.0, 0.7,
0.8 and 0.3, respectively, considering dataset scale and task
convergence speed. For lane detection, the number of polar
anchors per image is capped at 20 to maintain computational
efficiency. For temporal fusion, features from three consecu-
tive frames are aggregated, enhancing the model’s ability to
capture stable road markings and lane structures over time.

B. Performance Comparison

The results of traffic object detection are presented in Table
I. Compared with single-task detectors such as Faster R-CNN

TABLE II: The experimental results on lane detection. It is
evaluated with F1@50 and mloU.

Type Method F1@50 (%) mloU (%)
MMA-net [30] 83.9 70.5

Video-Based  RVLD [41] 92.4 78.7
OMR [42] 93.6 77.4

Image-Based ADNet [43] 92.0 78.1
Polar R-CNN [5] 92.3 77.8
Ours 92.6 719

and YOLOvS5s, all multi-task approaches achieve clear gains
in both recall and mAP@50, highlighting the advantages of
shared representations and joint optimization. Among multi-
task baselines, YOLOPvV2 has obtained the highest mAP@50
at 83.4%, while YOLOPX achieves the best recall of 93.7%.
Our proposed method delivers a well-balanced performance,
attaining a recall of 93.1% and an mAP @50 of 83.3%, which
is comparable to YOLOPX. These results have indicated that
the proposed framework preserves strong detection accuracy
while improving object coverage, demonstrating robust per-
formance in complex driving environments.

The quantitative results for lane detection are summarized
in Table II. Among the video-based methods, OMR achieves
the highest F1@50 score of 93.6%, whereas RVLD obtains
the top mloU of 78.7%. For image-based methods, ADNet
and Polar R-CNN also demonstrate strong performance, both
reporting F1 scores exceeding 92%. Our proposed framework
attains an F1@50 of 92.6% and an mloU of 77.9%, placing
second overall among the compared methods. Notably, even
within a unified multi-task setting, the model has remained
competitive with most video- and image-based approaches,
indicating its effectiveness in preserving the fine lane details
and maintaining the accurate localization without relying on
dedicated temporal modeling or separate decoders.

The performance evaluation of road marking segmentation
is presented in Table III. Among four compared techniques,
DeepLabV3+ achieves the highest mloU of 79.6%, followed
closely by our proposed method at 79.4%, which outperforms
both Segformer-BO and ERFNet. Although DeepLabV3+ is
slightly better than ours in terms of the mloU, it comes with
significantly higher computational overhead. Our method can
maintain the near-optimal segmentation accuracy while oper-
ating within a lightweight and unified multi-task framework.
It demonstrates the effectiveness and efficiency for real-time
applications. Examples of the road marking segmentation are
shown in Fig. 2.

Table IV shows the evaluation result of road area segmen-
tation. DeepLabV3+ achieves the best performance with an
mloU of 79.6%, followed by SFNet-Lite [45] with the mIoU
of 77.1%. Segformer-B0 also performs competitively with a
score of 76.9%. Our proposed method reaches the mloU of
76.7%, slightly lower than Segformer-BO and SFNet-Lite. It
is, however, important to note that our model operates within
a multi-task setting, without dedicated decoders for road area
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Fig. 2: The road marking segmentation results obtained from
our multi-task perception framework with temporal fusion.

TABLE III: The experimental results on road marking seg-
mentation evaluated with the mIoU.

Method mloU (%)
Segformer-B0O [35] 75.9
ERFnet [44] 75.5
DeepLabV3+ [4] 79.0
Ours 79.4

segmentation. This demonstrates that our unified framework
can still achieve competitive accuracy across tasks, and offer
a fairly balanced trade-off between the model complexity and
performance.

Table V presents a comparative analysis of several multi-
task perception frameworks across the object detection (recall
and mAP@50), drivable area segmentation (in DA IoU), and
lane line segmentation (in LL IoU). The proposed technique
demonstrates strong and well-balanced performance across
all evaluated tasks. In object detection, our model achieves a
recall of 93.1% and an mAP@50 of 83.3%. While YOLOPX
slightly outperforms with recall rate of 93.7% and an mAP
of 83.4%, our method maintains comparable accuracy while
delivering more balanced overall capability across multiple
tasks. For drivable area segmentation, the proposed network
attains an IoU of 93.6%, surpassing most existing methods,
including YOLOP and HybridNets. Although the gains over
YOLOPX and YOLOPv?2 are relatively small, the results do
reflect the model’s robustness in preserving spatial structure
and scene consistency. In lane line segmentation, our frame-

TABLE IV: The experimental results on road area segmen-
tation evaluated with the mloU.

Method mloU (%)
Segformer-B0O [35] 76.9
ERFnet [44] 75.5
DeepLabV3+ [4] 79.6
SFNet-Lite [45] 77.1
Ours 76.7

TABLE V: The performance comparison of current state-of-
the-art multi-task networks across all different tasks.

Model Recall mAP@50 DA IoU LL IoU
YOLOP [6] 89.2 76.5 91.5 262
HybridNets [7] 92.8 773 90.5 316
YOLOPv2 [39]  91.1 834 93.2 272
A-YOLOM [40]  86.9 81.1 91.0 28.8
YOLOPX [8] 93.7 83.3 93.2 272
Ours 93.1 83.3 93.6 30.9

work has reached an IoU of 30.9%, significantly outperform-
ing YOLOP and YOLOPv2. Although HybridNets achieves
slightly higher lane line accuracy, our approach offers more
stable and consistent performance when considering all tasks
jointly.

V. CONCLUSIONS

In this paper, we present a multi-task perception technique
for autonomous driving which simultaneously handles object
detection, lane line detection, and road marking and drivable
area segmentation. To improve the temporal consistency and
feature alignment across tasks, a temporal fusion module is
incorporated to utilize information from consecutive frames
during inference. In the experimental evaluation on multiple
datasets, it shows that our approach outperforms the current
state-of-the-art single-task and multi-task baselines. Notably,
the framework achieves a well-balanced performance across
both detection and segmentation tasks while remaining com-
putationally efficient and lightweight.
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