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Abstract. Semantic segmentation is an essential task in autonomous
systems, including those used for driving, robot navigation, and medical
diagnosis. Although there are methods for 2D segmentation using con-
volutional neural networks and 3D segmentation with 3D models, the
complementary nature of 2D and 3D data should not be overlooked.
This research explores the multimodal fusion of 2D images and 3D Li-
DAR point clouds for semantic segmentation in both structured and
unstructured environments. Building on the DeepViewAgg framework,
we alm to investigate how feature fusion impacts semantic segmenta-
tion compared to models that utilize only 2D or only 3D data. The
approach involves training a model for each modality and assessing its
performance. On KITTI-360, fusion raises the mean IoU from 54.20 (3D-
only) and 56.70 (2D-only) to 57.53, with the most notable improvement
seen in thin classes like “pole” (+21.3 points). In the WildScenes natural
dataset, it reaches 33.0 mIoU, surpassing the 2D and 3D baseline models
by 5.0 points. These results show that multimodal fusion can outperform
single modal approaches, especially for scene elements that benefit from
combined 2D-3D cues.

Keywords: Semantic segmentation - 2D-3D fusion - Feature fusion -
Multimodal fusion

1 Introduction

Semantic segmentation is the pixel-level classification of different objects against
a complex background [23]. This classification enables an understanding of an en-
vironment, therefore it is a fundamental requirement in fields such as robot navi-
gation, robotic arm grasping systems, autonomous driving systems, and medical
diagnosis [2I]. Earlier convolutional neural network (CNN) approaches for seg-
mentation include the use of 2D architectures such as U-NET [15] and simple
models with ResNet backbones [7]. Recent approaches involve more advanced
models, such as DeepLabV3 [2], which capture both fine details and the wider
scene simultaneously, resulting in more accurate segmentations. These CNNs
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utilize RGB images (2D data) that provide rich semantic content, including
color, texture, and shape, which are key aspects of object identification. A broad
toolkit for enhancing per-pixel segmentation in 2D data is available for meth-
ods such as high-resolution backbones [20] and online hard example mining [16]
further raising mean Intersection over Union (mlIoU). However, CNNs that rely
exclusively on RGB cues are vulnerable to object occlusion, changes in lighting,
and the absence of geometric information, often misclassifying thin, distant, or
occluded objects.

LiDAR sensors and 3D segmentation techniques address these limitations
by providing precise distance and depth measurements for each point, enriching
environment understanding. Significant progress has been achieved in the point
cloud segmentation field, with models such as PointNet++ [13], MinkUNet [3],
and KPConv [I8] demonstrating the potential of point cloud based object detec-
tion on (indoor) datasets such as ScanNet [IJTI] and (outdoor) KITTT 360 [10],
however, often struggle with identifying semantic classes for small or occluded ob-
jects. To enhance performance, several approaches can be used to augment point
clouds with color information, including the use of colorization (which requires
specialized sensors or a colorization step), meshing, or true depth maps [I4].
These methods are either hardware dependent or computationally expensive
and may fail to capture the semantic cues available in RGB images.

In an attempt to leverage the complementary nature of both types of data,
multimodal fusion techniques have emerged as a promising direction in semantic
segmentation research [I7U8]. Taken together, a 2D-3D pipeline can bridge the
critical gaps in single modality real-world perception. Notably, 3D point cloud
data is often accompanied by corresponding 2D images [22], making such fusion
possible in most cases and providing a solid ground for research in the field.
Current fusion frameworks such as DeepViewAgg [14] utilize 2D image features
from multiple camera views and fuse them with point cloud data via an attention
based mechanism to perform semantic segmentation on 3D data. This approach
achieved the current state of the art performance on 3D semantic segmentation
on the urban dataset KITTI-360 [10].

Although multimodal fusion has shown promising results in urban and indoor
datasets, its performance in natural environments remains unclear. Current re-
search on the intersection between multimodal fusion and natural unstructured
environments remains limited. Research only explores fusion in the agricultural
context or utilizes single modality architectures [9II9]. Better semantic under-
standing in forests, fields, and natural habitats can contribute to improved auto-
mated search and rescue applications, wildlife conservation and monitoring, and
agricultural automation, for which urban datasets are not suitable [19].

This paper aims to explore the effect of multimodal feature fusion of 2D
images and 3D LiDAR point clouds for semantic segmentation in urban (struc-
tured) and natural (unstructured) environments. The research is based on the
outline of the DeepViewAgg framework [14]. The goal is to compare the perfor-
mance of the multimodal framework against similar 2D-only and 3D-only base-
lines and determine its effects. To achieve this, the three segmentation paradigms
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will be systematically trained and evaluated using consistent splits and Intersec-
tion over Union (IoU) metrics (cf. Section [3.I). This approach will isolate the
effect of fusion on overall accuracy and class-wise performance in both datasets.

This paper is organized as follows. Section [2| reviews related work on seman-
tic segmentation and multimodal fusion. Section [3| explains the preprocessing
pipeline, model architectures, and training procedures. Section [f] discusses the
evaluation methods and findings, while Section [5] examines ablations conducted
with different parameters. Section [f] offers an analysis of the results, emphasizing
limitations and suggesting future research directions. Finally, Section [7] provides
a summary of the study.

2 Related Work

The fusion of 2D camera imagery with 3D LiDAR data has emerged as a promis-
ing approach for semantic segmentation, with researchers exploring various ar-
chitectures to leverage the complementary strengths of both modalities. Early
work by Robert et al. [I4] demonstrated the potential of this approach by pro-
jecting 3D LiDAR points into multiple calibrated RGB camera views. By ex-
tracting features from each image using pre-trained 2D CNNs and employing
a view aware attention module for aggregation, they achieved state of the art
performance on the KITTI 360 dataset [I0]. Notably, this approach eliminated
the need for intermediate representations like meshes or depth maps. However,
while their work established the superiority of fusion over pure 3D models, it
left unexplored the comparison against 2D-only architectures.

Building on this foundation, Hu et al. [§] advanced the fusion paradigm by
introducing BPNet, which features a symmetric dual branch architecture that si-
multaneously processes data through 2D UNet and 3D MinkUNet models. Their
key innovation, the Bidirectional Projection Module (BPM), enables continuous
feature exchange between modalities that achieved superior mIoU scores on the
indoor ScanNetV2 dataset [6]. This work provided the first comprehensive com-
parison showing fusion’s advantages over both standalone 2D and 3D models.
However, their evaluation remained confined to indoor environments, leaving the
effectiveness of such approaches in complex outdoor scenes uncertain.

While urban and indoor environments have received significant attention,
the application of multimodal fusion to natural environments presents unique
challenges. Kragh and Underwood [9] pioneered this direction by developing a
conditional random field based fusion method for agricultural obstacle detec-
tion. By establishing spatial links between 2D and 3D segments and introducing
multimodal connections, they achieved impressive gains of 9 and 13 points in
four class mloU for 2D and 3D classification, respectively. Yet, their approach
is limited to four basic categories: “sky”, “object”, “ground”, and “vegetation” far
simpler than the semantic richness found in urban datasets.

This progression reveals a critical gap in the literature: while multimodal fu-
sion has proven effective in urban settings with comprehensive comparisons [I4/8]
and shown promise in natural environments with limited semantic categories [9],
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no work has thoroughly evaluated the effectiveness of 2D-3D fusion on large-scale
natural datasets with rich semantic diversity. This gap motivates our compre-
hensive experiments on WildScenes [I9], where we systematically evaluate multi-
modal fusion against both 2D and 3D baselines in complex natural environments.

3 Methodology

In the study, three types of semantic segmentation models are implemented: a
2D-3D multimodal model, a 3D-only model, and a 2D-only model. This section
begins with the selected datasets and their corresponding evaluation metrics,
followed by an overview of the pipeline and the specific implementation details
of each model, including their configurations.

3.1 Datasets and Evaluation Metrics

In order to fully assess multimodal fusion methods in different environments, we
carefully chose datasets that belong to both the well studied domain of structured
urban scenes and the less explored natural environments. This dual dataset
approach allows us to validate current results and expand the evaluation to
more difficult conditions.

For structured urban environments, we employed the KITTI-360 dataset [10],
which has become a benchmark for multimodal semantic segmentation in urban
settings. This dataset captures the complexity of city driving through 320,000
images and 100,000 laser scans collected over 73.7 km of urban traversals in
Karlsruhe, Germany. Crucially, KITTI-360 provides precise camera calibration
parameters (intrinsics and extrinsics) and georegistered vehicle poses, enabling
accurate 2D-3D data correspondence which is a fundamental requirement for our
fusion experiments. The dataset’s comprehensive coverage of urban elements
across 15 semantic classes allows us to establish baseline performance in well
structured environments.

However, natural environments pose fundamentally different challenges: un-
even terrain, dense vegetation occlusions, and high variability in object appear-
ance. To bridge this gap, we chose WildScenes [19], a recently released dataset
that captures the complexity of Australian forests through multiple large scale
traversals over six months. With 21.28 km of coverage resulting in 9,306 an-
notated images and 12,148 annotated point clouds, WildScenes offers the scale
needed for reliable evaluation. Similar to KITTI-360, it includes camera calibra-
tion and pose data vital for multimodal fusion. The dataset’s 15 classes (of which
we use 13 for evaluation) reflect the semantic diversity of natural environments,
from different vegetation types to terrain categories. The two classes “sky” and
“water” were omitted because LiDAR returns are nonexistent or inaccurate on
these classes, so we exclude them from evaluation for our 3D benchmarking.

To ensure a fair comparison across these diverse environments, we use the
IoU metric. For KITTI-360, we utilize their confidence weighted IoU formulation
to account for annotation ambiguity.
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where TP, FP, and FN denote true positive, false positive, and false negative
pixel sets respectively, and ¢; € [0, 1] represents the confidence at pixel 7. This
weighting scheme is significant for KITTI-360’s automatically generated annota-
tions, where boundary regions may have inherent uncertainty. For WildScenes,
which provides manually verified annotations, we use the standard IoU without
confidence weighting (¢; = 1 for all pixels). Additionally, we report mIoU across
all classes to provide a holistic view of model performance, where higher values
indicate better pixel-wise agreement between predictions and ground truth.

To provide a comprehensive evaluation beyond the IoU, we computed four
additional metrics from the confusion matrix for each variant of the model (cf.
Table . The first, Overall Accuracy (OA), measures the ratio of correctly
classified pixels to total pixels, offering a global performance indicator. The
other three are macro-averaged metrics designed to assess performance inde-
pendent of class frequency. These are Macro-averaged Precision (mPrecision)-
(TP./(TP.+FP.)) which assesses prediction correctness, Macro-averaged Recall
(mRecall)-(TP./(TP. +FN,)) which measures the ability to detect all instances
of each class ¢, and Macro-averaged Dice Coefficient (mDSC) which provides
a balanced performance score. These macro-averaged metrics complement IoU
by weighting all classes equally and exposing precision-recall trade-offs. While
this class-agnostic perspective is valuable, we retain IoU as our primary metric.
This decision ensures consistency with established semantic segmentation litera-
ture [I0/19] and reflects that spatial overlap quality directly impacts downstream
robotics applications.

3.2 Pipeline

We used a three-stage pipeline to examine how the choice of modality (2D, 3D,
and fusion of 2D and 3D) impacts the precision of semantic segmentation in ur-
ban environments (Figure. The first stage involved selecting a relevant dataset
that provides synchronized LiDAR and camera data for different model types.
The dataset chosen is KITTI-360. The splits defined in [14] are used for the 2D
and 3D data to ensure that differences in performance among the models are
due to their type and architecture, not the dataset split. Data pre-processing is
performed to adapt the data for the environment and models. The next stage
involved selecting models. The chosen multimodal model is the state of the art
2D-3D fusion network, previously benchmarked on KITTI 360 - Res16UNet34
+ ResNet-18 with early fusion. The 3D-only setup mimics the 3D backbone
of the multimodal architecture, allowing for a direct comparison. DeepLabV 3+
with a ResNet-18 backbone is selected as a representative standard 2D semantic
segmentation architecture. In the following stage, consistent training schedules
and evaluation criteria are used to establish baselines and ensure a fair compari-
son. We assessed all three models using a class-wise (across all standard classes)



6 A. Nikolov et al.

and mloU metric, defined in Equation [1} This approach highlighted overall per-
formance differences and enabled a detailed analysis of classes with significant
differences among the models. Additionally, ablation studies are performed and
are presented in Section

Raw KITTI 360

LiDAR, pictures, intrinsics,
extrinsics, poses

official train/val splits

Preprocessing

2D-3D 3D 2D
. Remap label
2Dto 3D | Cylinder ID to train ID
mapping | sampling
Training
pretrained 3D 2D
60 epochs, fine-tune
voting 40k iters
A
Evaluation

mloU and per class loU

Fig. 1: Multimodal semantic segmentation pipeline

For multimodal fusion in the natural environment, the pipeline follows the
same four high-level stages. However, it differs in three important aspects. First,
this pipeline utilized the complete WildScenes [19] splits (train, val, and test),
whereas KITTI-360 provides access only to the train and val sets. Second, dif-
ferent models are adopted, with the 2D-only baseline being DeepLabV3 with a
ResNet-18 backbone. The 2D-3D multimodal model uses a custom Res18UNet
for both the image encoder and the sparse 3D backbone. Furthermore, late logit
fusion is implemented instead of early fusion, as in the previous pipeline. Unlike
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in KITTI-360, all models are trained on WildScenes. The 2D-only and 3D-only
models are trained on the dataset and used as initializations for the multimodal
architecture. Finally, each model is evaluated based on its mIoU and per-class
IoU.

3.3 Model Architectures for KITTI-360

The environment used for implementing and evaluating the models is equipped
with an NVIDIA A10 GPU (23 GB VRAM) and a CPU configuration with 65
cores and 256 GB of RAM.

Multimodal 2D-3D model The first model is the Res16UNet34-PointPyramid-
early-cityscapes multimodal architecture, implemented in [I4]. This model fea-

tures a 3D-only backbone, specifically Torch-Point3D’s Res16UNet34 implemen-

tation of MinkowskiNet, along with a 2D encoder, ResNet-18, pre-trained on the

Cityscapes dataset [5]. It employs early fusion between the 2D and 3D features.

A sampling strategy is introduced to handle the large data volume in KITTI-360

using 6m radius vertical cylinders. This involves downsampling the points to 5

cm voxels during preprocessing and selecting one image every five frames from

the left perspective camera.

3D-only Model The second type of model is the 3D-only backbone of the
multimodal model described earlier. We used the architecture and training setup
established by [14]. The model is trained solely on 3D data from KITTI-360,
following the official training and validation splits. Training lasted for 60 epochs,
each with roughly 12,000 cylinders, using stochastic gradient descent (SGD) with
an initial learning rate of 0.1. This relatively high learning rate is appropriate
for sparse 3D convolution networks processing irregular point cloud data due to
three factors. First, MinkowskiNet’s sparse convolutions operate on substantially
sparser feature maps than dense 2D convolutions, requiring larger learning rates
to accumulate sufficient gradient signal from the limited number of active voxels.
Second, batch normalization layers following each sparse convolution stabilize
training by normalizing activations, enabling aggressive learning rates without
divergence. And third, step decay (x0.1 at epochs 30 and 50) rapidly reduces
the effective learning rate during later training stages (final rate: 10~3), ensuring
stable convergence. Training stability was validated through monitoring: no loss
spikes or gradient explosions occurred across all 60 epochs.

2D-only Model The third type of model is the DeepLabV3+- architecture with
a ResNet-18 backbone [2]. The model is initialized from a checkpoint pre-trained
on Cityscapes for 80,000 iterations [4]. For a fair comparison baseline, we fine-
tuned the model on the 2D data in KITTI-360.

Images are augmented during training with standard Cityscapes style aug-
mentations (e.g., random scale, horizontal flip). We implemented a gradient cu-
mulative optimizer [4], which simulated a batch size of 8 and fit it within the
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A10’s VRAM. SGD is employed with a base learning rate of 0.005. The learning
rate is linearly warmed up for the first 500 iterations from 0.000001, and then
decayed according to a polynomial schedule to 0.000001 at the final iteration.

The choice of SGD over adaptive optimizers (e.g., Adam, AdamW) follows
established semantic segmentation practice [4I2] for three reasons. First is that
SGD with momentum demonstrates superior generalization performance for
dense prediction tasks, particularly when fine-tuning from pre-trained weights,
where adaptive optimizers’ per-parameter learning rates may disrupt transferred
feature representations [16]. Second is that SGD aligns with the baseline imple-
mentations we compare against [I4/4], eliminating optimizer choice as a con-
founding variable. And, third is that SGD requires minimal memory overhead
compared to adaptive methods that maintain per-parameter statistics critical
given our GPU memory constraints (23 GB VRAM).

The learning rate warm-up strategy prevents catastrophic forgetting of pre-
trained Cityscapes features during domain adaptation to KITTI-360. Specifi-
cally, the learning rate increases linearly from 10~% (warm-up initialization) to
the base rate of 5 x 10~2 over 500 iterations, allowing gradual adaptation to the
new data distribution. Following warm-up, polynomial decay Ir; = Irpase X (1 —
t/T)%9 progressively reduces the learning rate to 107% at iteration 7" = 40,000,
enabling large early updates for domain transfer followed by fine-grained con-
vergence refinements.

3.4 Model Architectures for WildScenes

Multimodal 2D-3D Model The multimodal model features two parallel UNet
branches, similar to the configuration of a ResNet18UNet. Outputs are combined
at the logit level, enabling late feature fusion. The 3D branch employs sparse
3D convolutions with an initial 7 to 32 channel embedding, four downsampling
stages, and a symmetric upsampling that returns to 96 channels. The 2D archi-
tecture closely mirrors this design, taking RGB inputs through the same sam-
pling scheme to generate 96 channel per-pixel logits for the 13 dataset classes.
During inference, the per-pixel image logits are pooled and aligned with each
LiDAR point, then averaged and passed through a softmax to produce the final
semantic label.

To address point collision, we removed the non-static mask transform, and an
extra grid sampling step is added after the image mapping. The model is trained
for 30 epochs, with validation every 5 epochs, with each epoch containing about
10,000 cylinders. The weights are initialized using matching layers from the 3D-
only and the 2D-only models. Due to the smaller size of the training batch,
SGD is used with an initial learning rate of 0.01, adjusted according to the
predefined multi-step learning rate scheduler employed in the multimodal model
for KITTI-360.

3D-only Model For the 3D-only architecture, the 3D sparse UNet model from
the multimodal architecture is used. Since training this model takes less time
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than training the multimodal one, we conducted training for 60 epochs on the
point clouds in WildScenes. To account for the difference in epochs, the number
of cylinders per epoch is halved, resulting in 5,000 cylinders per epoch. However,
the exact 5 cm voxel resolution is maintained. The same pre-, train, test, and
validation transformations as in KITTI-360 are applied.

Table 1: Comprehensive hyperparameter settings for all model architectures
across KITTI-360 experiments.

Configuration 2D-3D Fusion 3D-only 2D-only
Architecture
3D Backbone Res16UNet34 (MinkowskiNet) Res16UNet34 —
2D Backbone ResNet-18 (Cityscapes pre-trained) ResNet-18 (Cityscapes pre-trained)
Decoder DeepLabV3+ style — DeepLabV3+
Fusion Strategy Early (view-aware attention)
Parameters 28.1M [14] 21.2M 12.5M
Optimization
Optimizer SGD with momentum SGD with momentum SGD with momentum
Momentum 0.9 0.9 0.9
Weight Decay 1x107* 1x1074 1x107%
Base Learning Rate 0.01 0.1 0.005
LR Schedule Multi-step decay Step decay Polynomial with warmup
LR Decay Factors x0.1 at epochs [30, 50] x0.1 at epochs [30, 50] (1 —¢/T)"°
Warmup None None Linear, 500 iter. (107° to base)
Final Learning Rate 1x107° 1x1073 1x107¢
Training Protocol
Training Duration 60 epochs 60 epochs 40,000 iterations
Batch Size 2 (effective) 2 8 (via gradient accumulation)
Training Time (approx.) 12 hours 10 hours 6 hours
Validation Frequency Every 5 epochs Every 5 epochs Every 10,000 iterations
Data Processing
Voxel Resolution 5 cm 5 cm
Cylinder Radius 6 m 6 m —
Cylinders per Epoch ~12,000 ~12,000
Image Frame Sampling Every 5th frame — All frames
Image Augmentation Random scale, flip, color jitter Cityscapes-style augmentation
Inference
Spatial Resolution 1 (dense evaluation) 1 (dense evaluation)  Per-pixel
Voting Strategy Single vote Single vote —
Full Resolution True True True

2D-only Model The 2D-only architecture we implemented is DeepLabV3 with
a ResNet-18 backbone [4]. Vidanapathirana et al. [I9] used this model with a
ResNet-50 backbone to obtain a 2D semantic segmentation baseline. We em-
ployed a smaller ResNet-18 backbone to provide a fairer comparison compared
to the other architectures. The crucial difference lies in the different label map-
ping, with the removal of the classes “sky” and “water” to match the list of 3D
classes. Furthermore, the learning rate is linearly scaled to match the batch size
of two that is used, resulting in a value of 0.001. SGD is used with the same
warm-up and decay configuration as in KITTI-360. We trained the model for
80,000 iterations, with evaluation every 4,000 based on mloU.
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3.5 Training Configuration Summary

Table [I] provides a comprehensive overview of training configurations for all
model variants evaluated in this study.

4 Evaluation and Results

In this section, evaluation procedures and results will be discussed for all three
models in the two selected datasets. Models are evaluated using IoU (cf. Sec-
tion . We used the evaluation splits as defined in [I0/T9]. All models are
implemented and evaluated in the environments outlined in Section

For all models, we evaluated their performance on the validation set available
in the KITTI-360 dataset. Evaluation is performed on full-resolution point clouds
using a spatial resolution of one, i.e., roughly one cylinder every three meters
(cf. [14]). Additionally, voting inference is done on the data with a single vote. For
semantic segmentation evaluation on the 2D data, the dataset authors provide
evaluation scripts [I0]. No modifications are made to the scripts, except for
the omission of the classes “sky” and “rider” to align the list of classes across
all modalities. The complete 2D class validation is presented in Section [5] All
images in the validation split are assessed.

The performance assessment of the fusion and 3D-only models for WildScenes
is carried out in the same manner as for KITTI-360. For the 2D-only model, we
closely followed the evaluation procedure of the WildScenes paper [19], except
for the implementation of an alternative label map as mentioned in Section
Performance is reported on the test set of the dataset.

4.1 Impact of Multimodal Fusion in KITTI-360

In this section, we present quantitative results for the segmentation models on
the KITTI-360 validation set. For this validation, only the 15 classes common
to all models are used (Table . To ensure statistical robustness of our findings,
we trained the 2D-only network with three independent random seeds (seeds 0,
1, and 2) to comprehensively assess run-to-run variations and model stability.
Given the substantially higher computational cost of 3D models (approximately
10 hours per training run), and considering that the primary variability concern
was raised for 2D models, we trained the 3D-only model once. The three-seed
evaluation protocol provides sufficient statistical evidence to assess the signifi-
cance and robustness of the improvements achieved by multimodal fusion.

The three seed evaluation (Table [2) reveals critical insights into performance
stability across model architectures. The 2D-only baseline achieves a mean mloU
of 56.7+1.0, demonstrating relatively consistent overall performance. However,
per-class analysis exposes severe instability for rare classes: “motorcycle” exhibits
extreme variance (24.0+16.5 IoU), with individual seed performance ranging
from 4.8 to 35.8 IoU (a 31 point spread representing 147% coefficient of varia-
tion). Similarly, “bicycle” shows high instability (13.6+12.3 IoU, range 2.8-27.1).
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Table 2: KITTI-360 Val: Comprehensive comparison across all models with mul-
tiple seeds for 2D-only variants

Class 2D-3D 2D-only 2D-only 2D-only 2D-only 3D-only
Seed 0 Seed 1 Seed 2 Mean =+ Std

Avg 57.5 95.7 57.6 56.7 56.7 £ 1.0 54.2
road 88.3 93.2 93.1 93.2 93.2 £0.1 92.4
sidewalk 71.4 76.4 76.4 76.6 76.5 £ 0.1 74.8
building 87.8 82.3 82.0 81.6 82.0 £ 0.4 86.9

wall 49.2 69.6 70.6 69.3 69.8 + 0.7 45.9
fence 39.4 42.1 41.5 41.7 41.8 £ 0.3 44.9
pole 59.2 38.6 37.1 36.1 373+ 1.3 57.3
t-light 15.4 0.0 0.0 0.0 0.0 £ 0.0 9.8
t-sign 46.4 50.2 50.1 49.9 50.1 + 0.2 47.9
vegetation 88.8 91.4 91.6 91.2 91.4 + 0.2 85.1
terrain 61.1 76.6 77.8 77.0 77.1 + 0.6 54.6
person 40.5 45.6 51.4 44.2 47.1 £ 3.8 46.8
car 93.8 93.3 93.4 93.1 93.3 £ 0.2 90.9
truck 61.7 60.7 64.3 63.6 62.9 + 1.9 4.5
motorcycle 40.7 4.8 31.5 35.8 24.0 £ 16.5 41.8
bicycle 19.2 11.0 2.8 27.1 13.6 £ 12.3 29.5

This variability directly correlates with class frequency: rare classes “motorcycle”
and “bicycle” comprise only 0.04% and 0.02% of training pixels respectively (cf.
Table @, providing insufficient training signal for stable convergence. In stark
contrast, the multimodal fusion model achieves 57.5 mIoU from a single training
run, outperforming the 2D mean by 0.8 points while demonstrating particular
strength on geometrically defined thin structures: “pole” achieves 59.2 IoU (+21.9
points over 2D mean) and “traffic light” reaches 15.4 IoU (versus 0.0 across all
three 2D seeds). These improvements on shape defined classes suggest that geo-
metric cues from 3D data provide a stabilizing inductive bias that complements
the texture based learning of 2D models, yielding more robust predictions even
without multi seed averaging.

The early model Res16UNet34 achieved an average mloU of 57.5. The two
2D runs obtain 55.7 and 57.6 mloU, resulting in a mean of 56.7 + 1.3. The 3D-
only model scores 54.2 mloU, which is 3.3 points lower than the multimodal
one. Compared to the 2D baseline, the fusion model gains 1.8 points over the
lower run and loses 0.1 points relative to the higher run. This performance still
yields a 0.9 point increase above the mean of the two runs. Although it’s below
the variability of the 2D model, the improvement highlights the complementary
information that both modalities provide in structured urban scenes.

Small and thin classes experience a significant gain over both the 2D and 3D
only models. The fusion architecture achieved 59.2 IoU for “pole” and 15.4 IoU
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for “traffic light”, against the 2D-only model 37.9 ToU (“pole”) and 0 IoU (“traffic
light”). In contrast, the 3D-only model performs more closely to the multimodal
one, with a 57.3 ToU for “pole”, but still falls short for “traffic light” with a 9.8
IoU. Notably, large surfaces and background classes show a slight decline relative
to the 2D-only model.

Figure [2] provides qualitative validation of the quantitative performance dif-
ferences observed in Table[2] Across the three representative validation samples,
subtle but consistent differences emerge among loss rebalancing strategies. The
class-weighted loss variant demonstrates marginally improved boundary delin-
eation for certain object classes, evident in Sample 2 where the “car” boundaries
(dark blue) appear more precisely defined compared to the plain baseline. How-
ever, the visual differences are modest, reflecting the relatively small quantitative
gaps between variants (mean mloU differences of 0.7-2.6 points). OHEM shows
comparable qualitative performance to the plain baseline across these samples,
consistent with its modest +0.7 point quantitative improvement. Particularly,
all three methods exhibit similar failure modes on rare classes. In Sample 1,
small distant objects remain challenging across variants, and in Sample 3, fine
structural details show comparable segmentation quality regardless of loss func-
tion. These qualitative observations confirm that while loss rebalancing provides
measurable improvements for specific classes (as detailed in Table @7 the overall
visual segmentation quality remains largely consistent across methods for the
majority of scene content.

4.2 Impact of Multimodal Fusion in WildScenes

For the WildScenes test set, we used a list of the 13 standard classes across all
models (Table [3). The 2D-3D fusion model achieved an overall mIoU of 33.0,
compared to 27.9 for the 2D-only baseline and 28.0 for the 3D-only model.
These results demonstrate that in the natural environment, multimodal fusion
outperforms both single modalities by a substantial margin of 5.0 mIoU.

Table 3: WildScenes Test: Comparison between all models

8 & o
~ e % 2 ¥ 4
< S 7 = v & 8 & 2 = 7
¥ % £ g 8 F w oz gz =% L & Ek
Model < 2 © & & & 2 & © © & W & &

2D-3D 33.024.9 83.1 4.4 70.5 0.0 20.0 0.417.6 0.0 1.6 66.9 89.9 49.7
2D-only 27.9 13.7 68.9 0.0 60.4 0.1 22.6 0.0 16.2 0.0 0.0 38.5 85.1 56.7
3D-only 28.0 7.3 83.413.0 73.2 0.0 18.2 0.0 14.8 0.0 4.5 11.7 91.1 47.1

A closer look at per-class performance reveals that fusion achieves the larger
score for the class “structure” with 66.9 IoU against 38.5 IoU for the 2D-only
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Fig. 2: Qualitative segmentation comparison of different methods (Normal,
OHEM, Class weights) against Ground Truth on selected validation samples.

model and 11.7 IoU for the 3D-only model. The class “bush” experiences a sig-
nificant gain, with 24.9 IoU, representing an 11.2 points increase compared to
2D-only and a 17.6 points increase compared to 3D-only. Notably, a slight in-
crease is observed in the “mud” class, where only the fusion approach achieved
a score higher than 0.0 with a 0.4 IoU.

Across both datasets, the fusion architecture attains the highest mIoU and
consistently improves segmentation on small and structurally distinct classes
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YRR

(e.g., “pole”, “structure”). A detailed interpretation of these trends and their
implication can be found in Section [f]

In particular, no prior work has evaluated multimodal 2D-3D fusion on
large-scale natural environment datasets. Vidanapathirana et al. [19] established
single-modality baselines (ResNet-50 backbone for 2D: 31.4 mIoU) but did not
explore fusion. Our results achieving 33.0 mloU with fusion, a +5.0 point im-
provement over both 2D-only (27.9) and 3D-only (28.0) baselines represent the
first systematic evaluation of multimodal fusion benefits in unstructured natu-
ral environments, establishing an initial benchmark for future research in this
challenging domain.

5 Ablation Studies

5.1 Multimodal Model and 3D-only Model

We conducted experiments with varying values for sample resolution and com-
plete resolution. Apart from the baseline configurations, which used sample res-
olution = 1 and full resolution = True, we conducted a validation with sample
resolution = 3 and full resolution = False. In contrast to the method described
in Section [3] these settings effectively reduced the time needed for inference by
reducing the total number of evaluation locations, resulting in a roughly 80%
reduction in total time. This reduction in inference time decreased the average
validation mIoU by 1.86 points for the multimodal model and by 0.77 points for
the 3D-only model. This run is therefore included to demonstrate that, for large
urban scenes or stricter inference time requirements, a slight decrease in average
mloU can be used as a tradeoff for faster inference. The times reported in Ta-
ble [ are derived from the time needed to make a forward pass on the validation
set. For the multimodal model, we omitted the time required for preprocessing
the data (around 8 hours for mapping images and neighborhood based mapping
features). Full class-wise performance for this experiment can be seen in Table

Table 4: Comparison of models at two sampling settings
Model Sample Res. Full Res. Avg. mIoU Time

3D-only 1 True 54.20 10h
3D-only 3 False 53.43 2h

2D-3D 1 True 57.53 12h
2D-3D 3 False 55.67 2.5h

5.2 Effect of Loss Rebalancing on 2D-only Models

In this section, the performance difference between plain DeepLabV3+ (Sec-
tion [3) and the same network with OHEM and class balanced loss is explored
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in the context of urban semantic segmentation. The fine tuning process and
validation for all models are identical to those described in Section [Bl To as-
sess run-to-run variation, we performed two training runs for each variant and
reported the mean and standard deviation. Our motivation for exploring loss re-
balancing is the largely skewed distribution of pixels. For example, the dominant
“road” class has approximately 1,920 times more pixels than the rare “bicycle”
class. More details about class pixel counts and resulting weights can be seen in
Table

To support the model with rare classes (e.g., traffic signs, traffic lights),
we implemented an Online Hard Example Mining (OHEM) sampler [4] for the
decoder head. By using it only for the decoder head, double memory usage
is avoided while still allowing for gradient rebalancing. Following this default
implementation, the sampler selects all pixels with model confidence below 0.7,
keeping at least 100,000 pixels per crop. The use of the sampler led to a mloU
of 57.4 + 0.3, an increase of 0.7 points over the plain baseline of 56.7 + 1.3
mloU. Furthermore, the rare class “motorcycle” IoU changed from 18.2 +18.9 to
26.7 £ 4.1 in the OHEM variant - a notable gain of 8.5 points. However, in the
case of “bicycle” a significant drop is present. IoU dropped from 6.9 £+ 5.8 IoU in
the plain model to 1.7 + 6.4 IoU in the OHEM one.

We explored an alternative method to address the heavily underrepresented
classes’ class balanced loss. For this, we used the ENet inverse log class weight-
ing [I2] with the following formula:

1

Y Tog(1+ D) @)
where D; represents the number of pixels in class 7, and w; is the corre-
sponding weight for that class. The pixel count for each class is obtained from
the training split. The computed class weights are used only in the decoder head
of the model. The class balanced loss achieved 59.3 + 2.1 mloU, a 1.9-point in-
crease in average mloU compared to the OHEM variant, with the most notable
improvement in the “bicycle” class. This class sees a significant +22.3 IoU gain
compared to the plain model and a +27.5 IoU gain compared to the OHEM
variant. Overall, mIoU improved significantly by +2.6 points compared to the
plain DeepLabV3+. The class-wise performance of the three different 2D-only
models can be seen in Table [0] Complete validation for the full list of 17 2D

classes (including “sky” and “rider”) is shown in Table
Comparing the optimal 2D-only configuration (class-weighted loss: 59.3+2.1
mloU) against the multimodal fusion model (57.5 mIoU) reveals complementary
strengths. Loss rebalancing achieves superior overall mloU and dramatically im-
proves rare classes defined by appearance: “bicycle” gains +22.3 points (from
6.945.8 to 29.2+14.0 ToU) through increased gradient contribution from minor-
ity class pixels. However, fusion provides orthogonal benefits for geometrically-
defined classes where visual cues are inherently ambiguous: “pole” achieves 59.2
IoU with fusion versus 39.2+0.3 IoU with class-weighted loss (+20.0 points),
and “traffic light” reaches 15.4 IoU versus 0.0 IoU across all 2D configurations
regardless of loss function. These complementary benefits suggest an optimal
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strategy would combine class balanced loss functions within a multimodal fu-
sion architecture, potentially achieving both rare class improvements through
statistical rebalancing and geometric understanding through 3D cues.

5.3 Backbone Depth Impact

We further compared multimodal fusion with the stronger single-modality base-
line (the 2D model) across both datasets. By contrasting the 2D-3D architectures
with deeper 2D backbones, we assess whether a smaller fusion model can match
a robust deep architecture. For KITTI-360, we again used a plain DeepLabV3+
with a ResNet-101 backbone. However, due to the smaller multimodal archi-
tecture used for WildScenes, we compare it to DeepLabV3 with a ResNet-50
backbone. We trained and evaluated both models following the procedures out-
lined in Section [Bl and Section @

Table 5: Comparison of models on the datasets
Dataset KITTI-360 WildScenes Parameters

ResNet-18 56.7" 27.9 12.5 M
ResNet-50 - 31.4 34.3 M
ResNet-101 62.4 - 53.3 M
Multimodal

(KITTI-360) 57.5 - 28.1 M[14]
Multimodal

(WildScenes) - 33.0 15 M

! This value is the mean across the two training runs.
All other numbers come from a single run.

A deeper analysis of the class-wise performance reveals that, despite a sig-
nificant gap in mIoU and parameter count, the fusion model improves certain
classes on KITTI-360. The classes “pole” and “traffic light” experience a notable
boost in the multimodal model. The deeper 2D architecture achieved a 40 IoU
for “pole” (19.2 points drop compared to multimodal) and 0 for “traffic light”
(15.4 points drop compared to multimodal). This demonstrates that geometric
cues can support the identification of visually challenging classes using RGB
data.

Furthermore, the results highlight the difference in complexity between urban
and natural environments. Even with a significantly deeper network, the 2D-only
model struggles with semantic segmentation in WildScenes, with an increase of
only 3.5 points in mIoU compared to ResNet-18. However, multimodal fusion
outperforms both 2D models, while having 2 times fewer parameters than a
DeepLabV3 with a ResNet-50 backbone. Class-wise analysis demonstrates strong
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increases in the classes’ “structure” (20.6 points increase compared to ResNet-
50), and “dirt” (15.7 points increase compared to ResNet-50). Overall, the effect
on most classes is positive, except for the class “object”, which suffers a 23.5
points drop compared to the 2D-model with ResNet-50. Complete comparison
is presented in Table [I1] and Table [7}

6 Discussion

The results show that early fusion of 2D images and 3D LiDAR features can sig-
nificantly improve the segmentation of shape-defined or rare classes (e.g., “pole”,
“traffic light”) in urban scenes. Due to their thin and small size, these classes
are challenging for 2D segmentation because they occupy only a few pixels and
can blend into the background. In contrast, the 3D-only model achieves perfor-
mance similar to that of the multimodal one. The reason for this increase in
scores is due to differences in how the objects are captured. For example, in
point clouds, a pole appears as a thin vertical cluster of points rising from the
ground, making it less likely to be mislabeled as background. When the two
modalities are combined, performance for both classes reaches its peak. This in-
dicates that the model did not rely solely on LiDAR scans but also used images
to refine classification, such as distinguishing a pole from a thin tree trunk by
their texture.

The benefit of fusion does not apply to every class. The fusion model under-
performs on most large and background classes, except for the building class,
where depth cues helped achieve a +5.6 IoU gain over the 2D baseline. For other
large and background classes, early fusion may dilute visual cues and propagate
projection misalignments (such as at curbs between a sidewalk and a road) into
the fused representation. Roads in KITTI-360 have distinctive colors and tex-
tures, like asphalt, which a camera captures effectively, but LiDAR sensors do
not, explaining the better results from the 2D modality. A key implication for
systems using semantic segmentation fusion is to implement class or confidence
aware fusion, such as incorporating fusion only for classes with low confidence
predictions from one modality. One example where fusion degrades performance
is the “bicycle” class, where fusion yields a 19.2 IoU, 10.3 points lower than the
3D baseline, indicating that noisy image features can override the more reliable
geometric cues.

The WildScenes results confirm that late fusion of 2D images and 3D LiDAR
data provides a significant overall benefit in unstructured (natural) environ-
ments, with a 5.0 points increase in mIoU compared to the stronger 3D baseline.
This shows that, despite highly variable terrain, multimodal fusion can improve
segmentation performance over single modality pipelines.

The per-class results reveal that the most significant benefit of fusion is in
classes with distinctive shapes or irregular forms. For example, man-made “struc-
ture” elements and “bush”, which challenged both the 2D and the 3D models, are
significantly better identified in the fusion architecture. Because bushes in nat-
ural settings often share the same color and texture as other vegetation areas,
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such as grass or tree foliage, 2D-only models struggle. Moreover, a 3D archi-
tecture lacks the fine grained surface details needed to segment a bush cleanly.
When the two modalities are combined, the fused model recovers both the shape
(from geometry) and the fine boundary (from texture), yielding increases of 11.2
points over 2D and 17.6 points over 3D.

However, an instance of varying class examples that the fusion model did not
correctly address is the class “fence”. The authors of WildScenes report that the
class used in the train set has a single horizontal railing, while the one present
in the test set has three horizontal ones [19]. Such differences confused the 2D
model, which propagated this limitation in the multimodal fusion, resulting in
an 8.6 point decrease in the fusion’s “fence” IoU compared to the 3D model.

6.1 Limitations and Future Work

We acknowledge the following limitations and outline directions for future work.
The effect of class weighting should be investigated in the context of multimodal
architectures. Our 2D ablation showed that class weighting significantly en-
hanced performance for rare classes. Additionally, to better utilize the strengths
of different modalities, fusion strategies should be capable of learning to weight
modalities on a per-class basis.

The current proposed architecture for multimodal fusion in WildScenes has
room for improvement. Due to limited time, we restricted our experiments to
late fusion only. Future work can explore different fusion approaches (e.g., early,
intermediate) and their impact on performance. Additionally, we inherit several
key limitations from the dataset itself. Variable lighting conditions in specific im-
ages (cf. Figure 3)) degraded the output of the image encoder and, consequently,
the overall fusion performance. As reported in [19], seasonal vegetation changes
lead to noticeable drops of approximately 4 points in mIoU when training and
testing seasons differ, and environmental domain shifts cause significantly larger
drops of about 7 points, especially for man-made structures [19]. Future work
can utilize multi-seasonal data over multiple years at consistent locations and
explore temporal and environmental domain-adaptation techniques to mitigate
these limitations.

Another limitation is backbone capacity. Robert et al. [I4] report using a
smaller 3D backbone than the current one, which resulted in a drop in mIoU on
KITTI-360; however, they do not explore the effect of using a larger one. Future
research can focus on architectures with deeper image encoders (e.g., ResNet-
50/ResNet-101 or transformer backbones) or deeper 3D backbones to better
compare with well-established deeper 2D architectures such as DeepLabV3 and
DeepLabV3+ with a ResNet-101 backbone. Finally, extending multimodal fusion
evaluation on real-time data and semantic segmentation architectures would
provide key insights to improve self-driving cars, drones, and robotics.
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7 Conclusion

This study compared multimodal fusion with 2D and 3D baselines for semantic
segmentation on both urban and natural datasets. The results showed that fu-
sion provides a clear improvement in semantic segmentation within KITTI-360
and WildScenes. In the urban KITTI-360 dataset, multimodal fusion achieved a
smaller mIoU gain of 0.8 points but made significant improvements in segment-
ing small and thin classes that are difficult for single modalities. Across the 13
standard WildScenes classes, the fusion model gained 5.0 points in mIoU over
the stronger model, supporting the idea that the two types of data are com-
plementary. Both results show that one modality can help the other when it
struggles, and that fusion works best when each modality provides consistent,
complementary information to the other.

Furthermore, our ablation showed that the lightweight multimodal fusion
matches or surpasses the performance of much deeper 2D architectures, demon-
strating that combining modalities can be more effective than simply scaling a
single model. However, the fusion approach has drawbacks. When data is noisy,
too sparse, or contradictory, performance declined in the fusion architectures.

While the findings are promising, they are based mostly on single runs, and
limitations exist. Future work can focus on using multiple seeds and runs to
improve statistical validity and gain more insights into the field of multimodal
fusion for urban and natural datasets.
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Appendix

A Pixel Count and Weights

As explained in Section [5.2] the pixel count is calculated based on the number

of pixels for a corresponding class present in a ground truth image in the train
split.

Table 6: Pixel count and weights
for all classes!

Class Pixel count Weight

road 3847.8 0.818
sidewalk 1625.9 0.851
building 4709.6 0.810
wall 705.2 0.886
fence 557.2 0.896
pole 92.1 0.984
traffic light 0.3 1.437
traffic sign 31.9 1.045

vegetation 9157.5 0.787

terrain 793.9 0.881
sky 1949.3 0.844
person 11.4 1.111
rider 7.7 1.139
car 1512.0 0.854
truck 127.3 0.967
bus 4.9 1.172
train 6.0 1.156
motorcycle 6.8 1.147
bicycle 2.8 1.215

! Pixels are divided by 10° and
rounded to one decimal.
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B Ablation Tables

Table 7: WildScenes Test: Comparison between backbone depth

(5]
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Multimodal 33.0 24.9 83.1 4.4 70.5 0.0 20.0 0.4 17.6 0.0 1.6 66.9 89.9 49.7
ResNet-18  27.9 13.7 68.9 0.0 60.4 0.1 22.6 0.0 16.2 0.0 0.0 38.5 85.1 56.7
ResNet-50 31.4 23.8 67.4 0.0 56.6 0.2 28.3 0.0 41.1 0.0 0.0 46.3 85.9 58.5

Table 8: KITTI-360 Val: Different samplings for multimodal and 3D-only

Class 3D-only*! 3D-only 2D-3D* 2D-3D
Avg 54.20 53.43 57.53 55.67
road 92.43 92.07 88.33 85.62
sidewalk T74.77 74.96 71.37 69.73
building 86.86 87.42 87.78 88.13
wall 45.89 43.99 49.21 46.53
fence 44.85 45.08 39.44 39.68
pole 57.31 57.17 59.18 58.72
t-light 9.76 9.62 15.44 15.57
t-sign 47.88 45.83 46.41 44.11
vegetation 85.05 85.6 88.76 89.11
terrain 54.61 56.06 61.07 61.02
person 46.81 35.95 40.47 23.26
car 90.90 91.08 93.82 93.59
truck 4.52 5.38 61.74 64.52
motorcycle 41.82 41.40 40.67 36.51
bicycle 29.50 29.70 19.23 18.95

! Columns denoting where sample resolution = 1 and full resolution = True.
In these columns validation for full resolution is used, while in the others
the results from the voting run are used.
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Table 9: KITTI-360 Val: 2D-Only Segmentation Results Comparison Classes
Class plain std OHEM std class weights std

Avg 56.7 1.3 574 0.3 59.3 2.1
road 932 0.1 93.3 0.5 92.9 0.1
sidewalk 76.4 0.0 76.8 1.0 75.9 0.3
building 82.2 0.2 821 0.1 82.0 0.3
wall 70.1 0.7 70.0 0.1 70.0 0.0
fence 41.8 04 413 0.5 42.1 0.1
pole 379 1.1 383 09 39.2 0.3
t-light 0.0 0.0 0.0 0.0 0.0 0.0
t-sign 50.2 0.1 50.3 0.1 49.9 0.9
vegetation 91.5 0.1 91.5 0.0 91.4 0.1
terrain 772 08 774 0.2 76.5 0.5
person 485 4.1 50.0 0.2 54.9 8.6
car 934 0.1 93.5 0.1 92.8 0.6
truck 625 25 653 04 62.2 2.3
motorcycle 18.2 18.9 26.7 4.1 29.4 9.9
bicycle 6.9 5.8 1.7 64 29.2 14.0

Mean values and standard deviations are reported for each model across
columns.

Table 10: KITTI-360 Val: 2D-Only Segmentation Results All Classes
Class plain std OHEM std class weights std

Avg 56.7 1.8 576 0.3 59.3 2.2
road 93.2 0.1 93.3 05 92.9 0.1
sidewalk 76.4 0.0 76.8 1.0 75.9 0.3
building  81.8 0.1 81.8 0.0 81.6 0.3
wall 70.1 0.7 70.0 0.1 70.0 0.0
fence 41.8 04 412 04 42.1 0.1
pole 377 1.0 381 09 39.0 0.3
t-light 0.0 0.0 00 0.0 0.0 0.0
t-sign 499 0.0 50.0 0.2 49.5 0.9
vegetation 91.2 0.1 91.2 0.0 91.1 0.1
terrain 772 08 77.3 0.2 76.5 0.5
sky 94.2 0.1 94.3 0.0 94.1 0.1
person 453 6.2 48.0 0.6 52.4 10.1
rider 243 7.1 280 21 30.2 6.6
car 93.3 0.1 93.5 0.1 92.8 0.6
truck 62.0 3.1 65.0 0.7 61.5 2.8
motorcycle 17.8 18.4 26.3 4.0 29.1 9.5

bicycle 6.9 5.8 1.7 64 29.0 13.9
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Table 11: KITTI-360 Val: Comparison between backbone depth
Class Multimodal ResNet-18 ResNet-101

Avg 57.5 56.7 62.4
road 88.3 93.2 95

sidewalk 71.4 76.4 81.9
building 87.8 82.2 82.5
wall 49.2 70.1 68.7
fence 39.4 41.8 39.6
pole 59.2 37.9 40.0
t-light 15.4 0.0 0.0

t-sign 46.4 50.2 48.6
vegetation 88.8 91.5 91.4
terrain 61.1 77.2 77.1
person 40.5 48.5 64.4
car 93.8 93.4 94.3
truck 61.7 62.5 71.8
motorcycle 40.7 18.2 37.5
bicycle 19.2 6.9 43.9

C Additional Metrics

In Table all variants achieve nearly identical OA (~91.3%), reflecting com-
parable performance on dominant classes (“road”, “vegetation”, “building”) that
contribute most pixels. However, macro-averaged metrics reveal significant dif-
ferences. The plain model achieves the highest mRecall (0.71040.006), indicating
superior coverage across all classes including rare ones, while OHEM achieves
the highest mPrecision (0.783+0.013) by aggressively focusing on hard exam-
ples, thereby reducing false positives at the cost of increased false negatives.
The class weighted variant balances these extremes with intermediate precision
(0.776+0.004) and recall (0.669+0.001), achieving the lowest variance across
seeds. Notably, OHEM’s elevated precision but diminished recall explains its
mixed per-class performance in Table as it correctly identifies challenging
instances when predictions are made, but misses more instances overall, partic-
ularly for rare classes where the hard example mining strategy becomes overly
conservative. The mDSC trends align closely with mloU patterns, validating
that our primary metric effectively captures the precision recall balance within
a single interpretable measure suitable for cross study comparison.
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Table 12: Comprehensive evaluation metrics for 2D-only model variants on
KITTI-360 validation across three seeds.

Model Variant OA mPrecision mRecall mDSC
Plain DeepLabV3+

Seed 0 0.913 0.772 0.709 0.705
Seed 1 0.914 0.773 0.717 0.707
Seed 2 0.913 0.768 0.705 0.698

Mean=+Std 0.91340.001 0.771+£0.003 0.710+0.006 0.703+0.005
OHEM Variant

Seed 0 0.913 0.777 0.657 0.668
Seed 1 0.913 0.798 0.667 0.686
Seed 2 0.913 0.773 0.667 0.668

Mean=+Std 0.91340.000 0.78340.013 0.664+£0.006 0.674+0.010

Class-weighted Loss

Seed 0 0.915 0.779 0.670 0.683
Seed 1 0.915 0.772 0.669 0.669
Seed 2 0.913 0.777 0.668 0.668

Mean=+Std 0.914+£0.001 0.776+0.004 0.66940.001 0.673+0.008

D Lighting Conditions

Fig.3: Example of poor lighting conditions. Image is taken from K-01 path in
WildScenes [19].



	Feature-level Fusion of 2D Images and 3D LiDAR Point Clouds for Semantic Segmentation

