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Abstract. Perform semantic segmentation on complex road scenes to achieve more reliable autonomous vehicle operation.
This paper proposes a multimodal segmentation framework that integrates RGB camera and LiDAR data through a hybrid
integration strategy and a transformer-based network architecture. Many large-scale benchmark experiments have been
conducted to cover various scenarios with different lighting conditions, weather, and traffic densities, such as SemanticKITTI
and nuScenes. The mloU for the "car" category is 81%, and it surpasses the current best models by 5-10 percentage points
in the more challenging categories of "pedestrian" and "motorcycle." In terms of real-time performance, the inference speed
is 29.5 frames per second, with a peak memory usage of 3.2 GB. Ablation studies indicate that the mid-term hybrid fusion
model is better; RGB + LiDAR input improves mloU by over 4% compared to unimodal methods. According to user research,
the quality rating for this section is 4.6/5 or higher. Based on the above results, we believe that this system will perform well
and have practical value in future intelligent transportation systems.
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Introduction

With the development of intelligent transportation systems and the transition to full autonomy, the demand for
fast and accurate scene recognition in complex road environments is increasing. Semantic segmentation is a
typical example of this demand. Generate semantic segmentation labels for each pixel in the image, used in the
perception modules of high-end Advanced Driver Assistance Systems (ADAS) and autonomous driving. These
labels include functions such as lane detection, drivable area recognition, and dynamic obstacle recognition [1].
Convolutional Neural Networks (CNNs) have been widely used for semantic segmentation and have successfully
utilized various benchmark datasets of urban road scenes [2]. Despite some progress, real-world applications
still face many more challenges [3]. These challenges include heavy traffic, occluded objects, sudden changes in
lighting and weather, and the presence of rare or unexpected categories. In this situation, segmentation
performance may decrease due to a small receptive field, lack of global context awareness, and unclear visual
features [4]. Perception systems that use only a single type of sensor (such as RGB cameras) are also susceptible
to occlusion, low light, and adverse weather conditions. Therefore, they may not be able to meet the
requirements of safety-critical applications [5]. The combination of various sensors such as LiDAR and cameras
helps to collect more information about the surrounding environment, which enhances our understanding of
the scene and reduces the shortcomings of a single sensor [6]. Nevertheless, integrating heterogeneous sensor
streams still presents significant challenges in terms of semantic alignment, spatial, and temporal issues [7]. At
the same time, ensuring efficient and real-time semantic segmentation on embedded hardware with limited
computational power to support large-scale deployment of intelligent vehicles remains an unresolved research
issue [8].
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The accuracy of convolution-based semantic segmentation and sensor fusion has recently been leveraged by
advancements in deep learning, particularly the Transformer model [9]. Transformers are better at learning
global relationships and context compared to previous Convolutional Neural Networks (CNNs) because they use
self-attention mechanisms to address long-range dependencies in the spatial domain [10]. Vision Transformers
(ViTs) and their variants have achieved new outstanding results in perceptual benchmarks such as scene
classification and semantic segmentation, and have demonstrated good generalization capabilities [11].
However, vision transformers typically require effective training on large datasets. Moreover, due to the
presence of spatial invariance, they may perform poorly in fine-grained scene analysis [12]. In the research on
multimodal sensor fusion, transformer modules have not been used to determine the optimal fusion stage and
method under the constraints of accuracy, generalization ability, and inference speed [13]. In order to improve
segmentation performance in variable and dynamic road environments, current research directions focus on
cross-modal attention mechanisms, adaptive fusion strategies, and multi-scale feature alignment in
heterogeneous data sources [14]. Researchers are working hard to improve the application of the
aforementioned methods to various datasets, different driving environments in real life, and the ability to handle
unexpected situations [15].

This paper integrates transformer-based segmentation models and multimodal sensor fusion, proposing a new
semantic segmentation framework for complex road scenes. We provide four types of assistance. First, we
propose a comprehensive sensor fusion scheme that can effectively combine the appearance and geometric
features of LiDAR and cameras. Next, we use a vision transformer backbone network to obtain global context
and improve cross-modal feature alignment to identify rare and ambiguous categories. Third, to evaluate the
accuracy and robustness of our method, we used a large number of public datasets that cover various
environments and times. Finally, we will conduct an ablation study on all the aforementioned options and
present the most effective fusion methods and transformer configurations. The following is the organization of
the other sections of this paper: Road scene segmentation, sensor fusion, and visual transformer architecture
are the topics of Section 2. In Section 3, the proposed strategies are introduced, including data collection, fusion
strategies, and model frameworks. Section 4 contains detailed experimental results and analysis. Section 5
discusses the research results, applications, and extensions.

Related Work

Semantic Segmentation for Road Scenes

Now, autonomous vehicles are using a method called "semantic segmentation" to address intelligent traffic
issues, allowing them to better understand road conditions and drive safely [16]. In early studies, Fully
Convolutional Networks (FCN) were used for urban road segmentation and pixel-level real-time prediction [17].
U-Net and Deeplab are typical examples in deep learning that introduce multi-scale feature extraction and
dilated convolutions, which improve the accuracy of locating fine object boundaries and reduce local ambiguity
[18]. Existing models often struggle to handle roads in various environments, such as weather changes,
occlusions, and rare objects, even with the aforementioned improvements [19]. In order to collect local and
global scene information, recent studies have attempted to combine context-aware reasoning modules with
spatial pyramid pooling, but the accuracy of segmenting highly dynamic and complex traffic scenes remains an
issue [20].

Sensor Fusion Strategies

The limitations of single-modal perception have led to research on sensor fusion technology, which enhances
scene understanding robustness by integrating LiDAR and camera data [21]. Typically, there are three different
fusion frameworks: early fusion, mid-level fusion, and late fusion. These frameworks are classified based on the
timing of multimodal information fusion. Early fusion is used for raw or low-level features; mid-term and late
methods combine higher-level representations to better utilize different types of information and address the
shortcomings of individual sensors [22]. In this context, attention-based fusion modules and joint learning
schemes have garnered attention, as they can dynamically adjust fusion weights and more effectively handle
noise or poorly aligned sensor data [23]. Spatial and temporal synchronization, as well as the computational load
of complex fusion modules, still hinder the deployment of real-time intelligent vehicle platforms [24].
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Transformers in Vision

Transformer-based models have recently begun to transform computer vision, extending their success in natural
language processing. Vision transformers are more suitable for semantic segmentation in environments with
complex object relationships and global spatial cues. This is because they capture long-range dependencies and
the entire context through self-attention mechanisms, which is different from traditional convolutional
networks. Architectures such as Vision Transformer (ViT), Swin Transformer, and SegFormer have recently
achieved good results in segmentation tasks on large-scale image datasets. These models perform excellently in
terms of accuracy and are widely applied across various fields and tasks. However, before the large-scale
application of transformer-based autonomous driving perception systems, many obstacles still need to be
overcome. These obstacles include the lack of large amounts of labeled data, complex computations, and
difficulties in integrating with other sensor modules.

Methodology

Multi-Modal Data Collection and Preprocessing

In order to achieve high-precision semantic segmentation in complex environments, this paper integrates visual
and geometric data. Use synchronized RGB cameras and LiDAR sensors in the data acquisition pipeline to achieve
optimal spatial overlap and precise sensor fusion. Regularly perform calibration procedures to determine the
internal and external parameters of all devices. In addition, to use AprilTag or checkerboard targets in controlled
environments and on actual roads, calibration procedures should also be performed.

Let the intrinsic camera parameter matrix be denoted as K_,,, and the 3D LiDAR point pjg,r = [%,¥,2,1]7 in
homogeneous coordinates. The extrinsic transformation from LiDAR to the camera is defined by a rotation
matrix R and translation vector t. The projection to the image plane is obtained by:

pimg = Kcam[R I t]pliclar Eq-(l)
Therefore, each 3D LiDAR point can be mapped to the 2D camera coordinate system accurately for position.
During synchronized data capture, all sensors are hardware-triggered or software-synchronized to a common

timestamp t. Each acquisition cycle yields a paired set of RGB frames Ilgtc)B and point cloud data PU(éLR ,
maintaining temporal consistency across the input streams:

t t
{052 BD )} v Eq.(2)
For the LiDAR point clouds, statistical outlier removal is performed by computing the Euclidean distance to each

point's k-nearest neighbors and eliminating points with residual distances exceeding a threshold. The filtered
point cloud is subsequently voxelized using:

V = VoxelGrid(P{) e, Lyoxer) Eq.(3)
where [, is the side length of each voxel, and V denotes the set of voxel centroids retained for downstream
fusion.Standard preprocessing pipelines are typically used for processing RGB images. These pipelines include
histogram equalization, photometric normalization, photometric normalization based on the mean and standard
deviation of ImageNet, and geometric augmentations such as random rotation, translation, and scaling.

By projecting the centroids of the valid voxels onto the image plane, a correspondence between the two can be
established according to the aforementioned calibration equations. Therefore, pixel-wise feature alignment and
preparing two data streams for channel-level fusion are both possible. Batch-level processing resizes or pads all
aligned frames to a fixed spatial resolution of H X W, and then performs intensity normalization:

Ty = 52— Himg Eq.(4)

Uimg

where Ui and g, are the channel-wise mean and standard deviation. In this case, multiple links in the chain
can reliably convert the primary data from the sensors into rich features and backgrounds of the entire scene.
Figure 1 shows the entire process of multimodal data fusion. It includes data acquisition, calibration, alignment,
denoising, voxelization, and preparation for fusion and segmentation networks.
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Figure 1. Workflow diagram of the overall multi-modal data fusion process.

Fusion Strategy

Fusing multiple sensors is necessary to obtain richer representations that include general geometric features
and fine-grained semantics. In this work, we introduce a new fusion form in the early and mid-stages. The choice
of fusion stage and method directly affects the network's ability to learn cross-modal correlations. After
preprocessing, early fusion occurs immediately, generating depth maps by aligning LiDAR images and RGB
images along the channel dimension:

Fearyy = Concat(Iggp, Dyipar) Eq.(5)
D\ipar is the depth map of projected LiDAR points, used as an additional channel. Subsequently, this early fusion
tensor is transmitted to the network backbone. At the beginning, it simultaneously learned spatial and
appearance features. Early fusion may not fully leverage the unique modality-specific features. Therefore, the
fusion at the intermediate stage has been increased. An independent sub-encoder processes each modality to
generate intermediate features Fi,5 and Fjg,, . According to the learned attention mechanism, adaptively
combine the following:

Ffusian a- Flmage + (1 - a) ' Flidar Eq.(6)
Among them, a is the data-adaptive attention weight determined by a lightweight gated sub-network. The
contribution of each modality is dynamically adjusted according to changes in spatial content and environmental
uncertainty. Multiscale fusion is the improved method. The encoder uses feature aggregation to combine high-
resolution local texture information with low-resolution global geometric information. At each scale s, the fusion
outputis:

) _ (s)
qu[tl =Ys- Ffusmn Eq'(7)
Here, ¥, is a learnable coefficient for each scale; final fusion is achieved by a weighted sum across all scales:
s
Pt = ) ESh Eq.(8)
s=1

This cascade of fusions is to improve the network's capacity for handling ambiguity and to ensure the
complementary effect of signals under all perception circumstances. To enhance the robustness of feature
richness under both adverse and good weather driving conditions, a universal hybrid multi-stage fusion method
is employed to combine different structured data from various sensors with a semantic segmentation backbone
network.
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Transformer-Based Segmentation Network

Our segmentation architecture uses a single transformer to directly receive the multimodal fusion features
output from the previous stage. First, use a feature encoder to process the combined RGB and LiDAR feature
channels. Initial convolutional layers extract low-level spatial features, which are then partitioned into non-
overlapping patches. Let F,,,; € RF*W*C represent the fused feature tensor; it is reshaped into a sequence of
N patches, each with dimension P X P X C, and mapped into a latent space while retaining spatial arrangement
via positional encodings. Mathematically, for a patch p; :

p; = Flatten(Fpilxiix; + Py y; + P,:]) Eq.(9)
Each patch is projected linearly to a vector with dimension D, forming the token sequence that serves as input
to the transformer layers. A transformer backbone is used here to learn long-range dependencies among spatial
positions and model rich inter-dependencies among them. The Attention Mechanism is shown below:

k
Tokens contain queries, keys, and values. Use multiple attention heads to learn more aspects of the data in

parallel. In addition, cross-attention blocks can be used to facilitate cross-modal reasoning between tokens of
specific modalities. Furthermore, the gating unit can adaptively aggregate information based on scene changes.
The multilayer perceptron receives the output from the transformer, and then it is normalized. Here is the
description of the [-th block:

Attention(Q,K,V) = soft (2 T)V Eq.(10
ention v\ softmax .
f — a.(10)

ZW = MLP (LayerNorm (Z(l‘l) + MultiHeadAttn(Z(l_l)))> Eq.(11)

At this point, iteratively refine the features to obtain rich contextual information for in-depth scene analysis.
With the completion of the transformer layer, the token sequence is now in the spatial feature map format. A
hierarchical decoder combines skip connections from the encoder to preserve localization and boundary
information, and gradually restores spatial resolution through a series of upsampling operations. The final
semantic prediction for each category is generated by a 1 X 1 convolutional layer and a softmax activation
function, as shown below:
510 = <2 (0ic) Eq.(12)
er=y exp (04),c1)

where o, ;. is the output logit at pixel (i,)) for class ¢; and K is the total number of categories. Training is
supervised, and the loss function is a weighted sum of cross-entropy and Dice loss to balance prediction accuracy
and class representation:

L=M0Leg + Lpice Eq.(13)
where 1; and A, are balancing weights. Figure 2 shows the entire network structure and the multi-stage
information flow. It also shows the process of multimodal feature extraction, sequence embedding, transformer
processing, and gradual upsampling to pixel-level semantic prediction.
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Figure 2. Architecture diagram of the proposed Transformer-based segmentation network.
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Experiments and Results

Experimental Settings

In this paper, all experiments aim to demonstrate the effectiveness, robustness, and generalizability of
multimodal segmentation methods in various real-world environments. We established a diverse computational
environment, used multiple large-scale datasets, and adhered to strict experimental protocols to ensure our
reproducibility and reliability [25].

The dense outdoor LiDAR point clouds and high-resolution RGB images come from the SemanticKITTI dataset,
which is the first reference dataset used in this paper. The dataset contains 22 annotated sequences, totaling
over 40,000 frames from different urban, suburban, and highway environments. In order to conduct a
comprehensive multimodal performance evaluation, each frame has pixel-level and point-level ground truth.
The nuScenes dataset includes data on sensor angles, lighting conditions, and traffic density to enhance the
generalizability of the results [26]. To ensure consistency with current technology and public benchmarks, both
datasets strictly adhere to the official training, validation, and testing splits [27].

Established fair performance reports and scalable computing environment reports. Model training used four
NVIDIA RTX A6000 GPUs, 1.5 TB of DDR4 memory, and dual Intel Xeon Platinum 8268 processors. Cross-
validation and inference experiments used NVIDIA RTX 3090 GPUs to simulate the deployment environment.
Ubuntu 20.04 LTS, Python 3.8, CUDA 11.8, and PyTorch 2.0 for the deep learning backend are all components of
the software stack. torchvision and the Open3D API are widely used for data augmentation and preprocessing,
and they accelerate geometric transformations and voxelization pipelines through custom CUDA kernels [28].

Hyperparameter selection based on grid search analysis: Using cosine annealing decay scheduling, combined
with the AdamW optimizer and specific weight decay values, the initial learning rate is set to 0.001. Training is
conducted in mini-batches of 8 or 16 frames. If the validation loss does not improve within 20 epochs, stop
training; otherwise, continue. Depending on the size of the dataset and the fusion method, the total training
time for a single experiment range from 24 hours to 72 hours [29].

Use data augmentation techniques to enhance the model's resistance to noise and changes in data distribution.
Using horizontal and vertical flips, rotations (within +£15°), scaling (ranging from 0.9 — 1.1 X), and color jittering,
RGB-LiDAR pairs can be randomly augmented. Synthetic noise and dropouts were added to the LiDAR data to
simulate sensor artifacts, occlusions, and spatial information loss.

These are the common semantic segmentation metrics used in experiments. Mean Intersection over Union
(mloU), pixel-wise global accuracy, class-wise accuracy breakdown, and Fl-score are the main metrics. To
objectively compare computational efficiency, we also measured inference throughput (frames per second, FPS)
and peak GPU memory consumption [30]. In order to provide a fair and transparent basis for comparison, all
benchmark models and reference implementations either come from official public repositories or are retrained
under exactly the same experimental conditions.

Quantitative and Comparative Analysis

Under the same preprocessing, training, and testing conditions, multiple comparisons were made against the
current best baseline to evaluate the proposed segmentation framework. To ensure the reproducibility and
impartiality of the benchmark tests, the officially designated independently trained retrained models used all
comparison metrics [31].

Figure 3 shows the results of comparisons across four different domains. Figure 3(a) is a bar chart showing the
mean Intersection over Union (mloU) values of five representative semantic categories across five segmentation
methods. In our framework, the mloU for the car category reached 81%, surpassing the top result of 75%
achieved by the best competing method. Similarly, in the difficult categories, pedestrians improved by 65%
compared to the next best 60%, and cyclists improved by 49% compared to the next best 39%, indicating that
multimodal fusion and advanced feature integration are indeed effective [32]. The results for each category
indicate good cooperation, especially in the rare and safe categories.

To compare the performance of these methods across all categories, a finer division can be made, and the
accuracy curve for each category can be plotted, as shown in Figure 3(b). The accuracy curve of our model is
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generally high, especially in categories that are difficult to obtain or underrepresented. It also confirmed the
advantages of hybrid fusion and transformer backbones in robust segmentation.

Figure 3(c) shows a grouped bar chart of the inference speed (measured in frames per second, FPS) of all tested
methods to reduce costs. The new method achieved a real-time FPS of 29.5 frames per second. This is slightly
lower than Method A's 32.1 frames per second, but far higher than other advanced models, such as Method C's
15.6 frames per second. Both are necessary because their goal is to maintain a high level of accuracy and
efficiency.

Figure 3(d) shows the memory performance trade-off, displaying the peak GPU memory usage (2.9 GB to 4.5 GB)
and average mloU for each method. Our method strikes a good balance between lower memory usage (3.2 GB)
and relatively high average mloU (64.2%), and it also outperforms many heavyweight reference models [33]. It
has lower computational requirements, making it suitable for resource-limited situations.

The framework performs well in terms of accuracy, class balance, speed, and resource usage. Faster, more
accurate, and uses less system memory than other top semantic segmentation algorithms. Under relatively low
resource consumption, it performs excellently in safety-critical label categories and underrepresented
categories, setting a new standard for multimodal semantic segmentation.
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Figure 3. Quantitative comparison of multi-modal segmentation models: (a) mloU by class; (b) class-wise accuracy; (c) inference speed; (d)
memory versus accuracy.

Figure 4 shows the results of the ablation study to further determine the individual contributions to architectural
innovation. Figure 4(a) depicts the line graph showing the impact of fusion time. The mixed fusion strategy
achieved the best overall mloU (75.3%), surpassing the mid-term (72.8%), late-term (69.0%), and early-term
(66.2%) fusion results. All results are plotted with confidence intervals. Therefore, this indicates that different
times are required to fuse adaptive features during the multimodal segmentation process.

The stacked bar chart in Figure 4(b) shows the performance variations under different sensor settings.
Specifically, when combined with RGB+LiDAR input, the overall mloU reached 76.1%, with an accuracy of 77.0%
and a recall rate of 75.2%. Adding more sensor types ("all sensors") only brought about a negligible increase, but
confirmed the significant synergistic effect of color and depth fusion in this problem.

Finally, pie chart 4(c) shows the usage proportions of different attention mechanisms. Self-attention occupies
the majority of the allocation (67%), while cross-attention (22%) and gated fusion (11%) provide support at lower
levels. Therefore, transformers are at the forefront of feature aggregation.
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Figure 4. Ablation analysis of fusion and attention: (a) fusion scheme impact; (b) sensor combination performance; (c) attention usage
proportion.

Robustness, Scenario and Qualitative Analysis

Various tests have been conducted in high-pressure environments, such as rare categories and complex
environments, to verify the overall reliability and practical effectiveness of the proposed method. In addition to
the above, these studies also include user-centered qualitative judgments, scene performance breakdown, and
error typology [34].

First, the confusion matrix in Figure 5(a) examines the robustness against rare categories and adverse conditions.
The new model demonstrates excellent category separation under difficult conditions; for example, the off-
diagonal confusion between "car" and "bus" is very small, between 40 and 35, while the samples of "cyclist" and
"motorcycle" are few but still maintain a high recall rate. In all six categories, most of the prediction distributions
are located on the diagonal; this means that cross-modal feature collaboration is used to reduce blurriness
caused by occlusion or poor visibility.

Figure 5(b) shows the performance of detection consistency on the ROC curve under different environments.
The tests were conducted in five different scenarios: daytime, nighttime, foggy, rainy, and heavy traffic. Under
all conditions, their AUC values are greater than 0.90, while the AUC values for "fog" and "rain" are only slightly
lower than that of "daytime" (AUC=0.948). Therefore, they exhibit good generalization ability and practical
robustness under various weather and lighting conditions.

In the stacked bar chart, Figure 5(c) shows the segmentation errors broken down by scene, summarizing the
sources of errors in five main environments (boundary blurring, class confusion, small object missed detection,
and background overflow): "boundary" errors are highest in foggy and nighttime conditions, while " The above
classification illustrates the problem.
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Figure 5. Robustness and scenario results: (a) Confusion matrix shows class separation and rare-class performance; (b) ROC curves, AUC >
0.90 in all scenarios; (c) Stacked bars detail scenario-specific errors.

Qualitative and subjective assessments supplement these findings, as detailed in Figure 6. The violin plot in
Figure 6(a) compares distributions of loU, precision, and recall for five leading methods across 60 independent
samples each. Not only does the proposed approach produce higher mean scores, but its prediction distributions
are more compact, indicating both higher typical performance and reduced variance relative to baselines such
as “Unimodal” or prior SOTA. For example, median loU for our method exceeds 0.85, compared to <0.78 for
competitors.

Figure 6(b) transitions this analysis to a grouped bar chart of error types, revealing that our method achieves the
lowest boundary and small-object error counts (11 and 4, respectively) among three representative approaches
(“Ours”, “SOTA”, “Unimodal”). Notably, the “Unimodal” baseline faces significantly more confusion and small-
object misses, highlighting the tangible benefits of multi-modal integration.

Subjective trends, as shown in Figure 6(c), aggregate user scores across seven scenarios. “Ours” maintains user
satisfaction steadily between 4.6—4.9 out of 5, substantially surpassing the “Baseline” (fluctuating between 3.9—
4.3). This evidences not only statistical superiority, but also a robust and interpretable subjective experience.

Finally, we conducted a detailed failure analysis using dedicated stress metrics. Figure 7(a) shows a radar chart
with five dimensions, comparing "ours" and a SOTA competitor. The dimensions include occlusion resilience,
illumination robustness, fine-grained separation, small object detection, and temporal stability. The model
achieved high scores in each dimension (at least 4.5/5). Figure 7(b) shows a detailed description of the difficult
case errors. Compared to the state-of-the-art (SOTA) techniques, our method reduces "category confusion" and
"occlusion" missed detection errors by more than 30% (10 vs. 16 and 8 vs. 13, respectively), and reduces all
common errors (such as "motion" and "illumination") by 40-50%. Not only is it universally applicable, but it is
also feasible when facing various real-world situations. Contextual, error-type, and user-perception evaluations
indicate that the proposed framework demonstrates good overall performance and strong stability and balance
in all necessary aspects of user trust operations [35].
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Conclusion

This paper provides a detailed analysis of the robust multimodal semantic segmentation problem and proposes
a new framework that effectively integrates complementary sensor data using a hybrid transformer architecture.
A large number of experiments were conducted on many public datasets. The results of these experiments
indicate that, compared to other methods, our approach consistently achieves high pixel-level accuracy and
good generalization capabilities for rare categories. In addition to the aforementioned quantitative metrics,
many scene-based qualitative investigations have also identified weaknesses in the system under safety-critical
situations and among other groups. Our framework is also quite reasonable in terms of segmentation accuracy.
In addition, it can run faster and use less memory in real-time applications. According to the above results, this
new approach has been validated in terms of technology and practicality across the entire industry.

The aforementioned improvements still have some shortcomings. Although the hybrid fusion strategy can
reduce a significant amount of category confusion and small object errors, its performance is still relatively low
in severely occluded or highly dynamic environments that frequently occur in urban areas. The current model is
more effective than single-modal or sequential fusion baselines, but adverse weather or sensor malfunctions
may limit the availability and quality of sensor data. Now, the cost-effectiveness and optimal sensor selection
for the next-generation platform need to be considered. Ablation studies indicate that additional modalities
show only marginal incremental improvements. When making important safety decisions, the model must
become easier to understand and transparent.

The following are potential research areas. Future research will investigate the impact of sensor noise,
calibration drift, and domain transfer on model robustness in open-world environments. Adaptive multi-sensor
fusion strategies can enhance the system's robustness and the determinism of dynamic input and environment
recognition. In addition, the lightweight architecture can effectively scale with the increase in sensor diversity.
It also offers a promising approach to reducing deployment barriers and annotation costs, as well as using
unlabeled multimodal data for self-supervised or unsupervised pre-training. Finally, the segmentation results
are combined with real-time downstream decision modules or more advanced scene understanding to achieve
fully autonomous and safe intelligent systems in the real world.
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