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Abstract— Unstructured scenes present unique challenges for
autonomous driving, as irregular obstacles and sparse scene
layouts undermine the effectiveness of traditional perception
methods such as 3D object detection. 3D semantic occupancy
prediction has emerged as a prominent focus due to its ability to
provide dense spatial representations by assigning semantic la-
bels to individual voxels in 3D space. However, directly applying
3D semantic occupancy prediction to unstructured scenes re-
mains challenging because scene sparsity hinders effective cross-
modal fusion and the more severe long-tail distribution in these
scenarios further degrades prediction performance. To validate
the effectiveness of our approach, we construct a dedicated
dataset of unstructured scenes collected from open-pit mines.
Based on this, we propose UnsOcc, a multi-modal 3D semantic
occupancy prediction framework that improves robustness
in unstructured environments. At its core, we introduce a
rendering-based fusion module, RenderFusion, which enhances
cross-modal feature alignment through bidirectional rendering
supervision. Furthermore, we propose GSRefinement, a detail-
aware auxiliary supervision method based on Gaussian Splat-
ting that projects sparse 3D occupancy predictions into dense
2D semantic segmentation maps, enabling effective supervision
for long-tail categories. Extensive experiments on both the open-
pit mine dataset and the nuScenes dataset demonstrate that
our method significantly outperforms existing state-of-the-art
approaches.

I. INTRODUCTION

With the continuous advancement of autonomous driving
technology, its application scenarios have progressively ex-
tended to more complex unstructured scenes, such as the
surface mine. However, traditional perception methods, such
as 3D object detection [1], [2], often suffer performance
degradation when confronted with irregular and long-tail ob-
stacles, limiting their applicability in practical applications.
To address these challenges, 3D occupancy prediction has
emerged as a promising alternative. Rather than relying on
3D bounding boxes, this method divides 3D space into voxel
grids and assigns a semantic label to each voxel, giving an
efficient 3D semantic representation for unstructured scenes.
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Fig. 1: Semantic and Depth Rendering in Unstructured
Scenes with 3D Gaussian Splatting.

Currently, most 3D semantic occupancy prediction meth-
ods rely solely on image inputs [3]–[5]. While images
provide abundant texture and semantic information, they
lack real-world scale and fail to provide absolute depth
information. In contrast, LiDAR sensors provide 3D point
clouds at centimeter level with precise distance measure-
ments but suffer from relatively low spatial resolution and
lack semantic information.

Therefore, fusing image and LiDAR modalities is es-
sential to improve 3D perception performance, especially
in complex unstructured scene. Although there have been
several studies on multimodal fusion for 3D semantic oc-
cupancy prediction [6], [7], effective multi-sensor fusion
for unstructured scenes, characterized by sparse geometric
features and weak semantic cues, remains underexplored
[8]. In addition, the long-tail distribution issue is further
exacerbated in unstructured scenes.

To tackle these challenges, we propose UnsOcc, a novel
multi-modal fusion framework for 3D semantic occupancy
prediction in unstructured scenes. It introduces Render-
Fusion, a render-based cross-modal alignment mechanism,
and GSRefinement, a detail-aware 3D Gaussian Splatting
auxiliary supervision module. RenderFusion performs cross-
branch rendering to align image and LiDAR features. The
image branch uses a depth prediction network supervised by
projected LiDAR points, while the LiDAR branch predicts
semantic occupancy and renders it into 2D semantics via
Gaussian Splatting, supervised by image-based segmenta-
tion. This dual-supervision enhances cross-modal feature
alignment and fusion. Furthermore, GSRefinement is used
to address the severe sparsity of occupancy information in
3D voxel space. During the training phase, it not only pre-
dicts 3D semantic occupancy distributions but also projects
them into 2D semantic segmentation maps for auxiliary
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supervision, with an emphasis on improving recognition
of long-tailed classes. This strategy effectively improves
the model’s ability to predict long-tailed classes. Figure 1
illustrates a series of rendering results produced by our
method. To facilitate the deployment of autonomous driving
in unstructured scenes, we developed a n open-pit mine
dataset for 3D semantic occupancy prediction and conducted
related experiments.

To summarize, our main contributions are as follows:
1) We propose a novel 3D semantic occupancy prediction
framework that improves the robustness of prediction in
unstructured scenes. 2) Bidirectional supervision for cross-
modal feature alignment mechanism and detail-aware 3D
Gaussian Splatting auxiliary supervision mechanism are pro-
posed to enhance the capability of cross-modal fusion and
long-tail class prediction in unstructured scene, respectively.
3) A dataset specifically designed for autonomous driving
in unstructured scene has been constructed, and extensive
experiments have been conducted.

II. RELATED WORK

A. 3D Semantic Occupancy Prediction

3D occupancy prediction aims to estimate the geometric
and semantic occupancy of the surrounding space, which
is crucial for autonomous driving and robotics. Early ap-
proaches to 3D occupancy prediction primarily relied on
monocular depth estimation [3], [9], [10]. MonoScene [3]
and OccDepth [9] lifted 2D features into 3D voxel grids
through monocular depth estimation. VoxFormer [10] gen-
erates reliable queries by predicting image depth, enabling
more accurate 3D scene understanding.While these ap-
proaches proved effective under limited camera views, they
struggled with depth ambiguities, particularly in challeng-
ing scenarios. To overcome these limitations, panoramic
or surround-view methods were subsequently proposed [4],
[11], [12]. Techniques like OccNet [12] and Occ3D [4]
leverage multiple camera perspectives to generate more
accurate 3D occupancy maps, effectively mitigating depth
ambiguities through cross-view information. However, these
methods still rely on dense voxel grids, which incur sig-
nificant computational costs. As a result, recent approaches
have begun to explore alternative representations beyond
voxels. [13] replaces dense voxel grids with point-based
representations, which allow inputs of arbitrary scale and
location, increasing modeling flexibility. TPVFormer [14]
extends the BEV by adding two additional perpendicular
planes to form the Tri-Perspective View (TPV), replacing
voxel-based representations and achieving a balance between
performance and computational complexity. GaussianFormer
[15] utilizes sparse Gaussian primitives to model the scene,
achieving accurate scene perception through the optimiza-
tion of their properties. In this paper, we propose a novel
alignment fusion scheme and projection-based supervision
to enhance the performance of 3D occupancy prediction in
unstructured scenes.

B. Scene Representation with Rendering

NeRF [16] introduced a neural rendering framework that
models a scene as a continuous volumetric function, syn-
thesizing novel views from sparse input images. It has
inspired various scene reconstruction techniques [17], [18],
with some adaptations for scene perception tasks [19], [20].
However, NeRF-based approaches often incur high compu-
tational costs. To overcome these limitations, 3D Gaussian
Splatting [21] has been proposed as an efficient and explicit
alternative. By using a set of anisotropic Gaussian primitives
and employing splat rendering, 3D GS enables real-time
rendering. Compared to NeRF, the explicit use of Gaussian
primitives allows for a more direct and clear representation
of geometric structure and occupancy information, while
offering higher efficiency in rendering large-scale scenes.
Due to these advantages, existing scene perception methods
have also adopted 3D Gaussian Splatting [15], [22]–[25].
GaussianFormer [15] adopts sparse 3D semantic Gaussian
primitives to represent the scene. It iteratively optimizes
the properties of the Gaussian primitives and employs an
efficient Gaussian-to-voxel splatting method to generate 3D
occupancy predictions. GaussRender [25] is not confined
to projecting 3D voxels onto the camera viewpoint. It in-
troduces the projection of 3D occupancy predictions and
ground truth to arbitrary viewpoints for loss computation.
Gaussianbev [24] models the scene with a set of 3D Gaussian
primitives and leverages 3D Gaussian splatting, in place of
LSS method, to acquire BEV representation.

C. Feature Fusion for 3D Scene Representation

The image and LiDAR modalities exhibit significant com-
plementarity in perception tasks. Therefore, fusing image
and LiDAR data can overcome the limitations of each indi-
vidual modality, offering a more comprehensive and robust
scene perception capability. A large number of perception
solutions, including 3D object detection [26], [27] and se-
mantic segmentation tasks [28], [29], have already adopted
fusion schemes that combine image and LiDAR data. In
the context of 3D occupancy prediction tasks, there has
also been research focusing on multimodal fusion [6], [7],
[30], [31]. OccFusion [7] fuses the mapped image features
and point cloud features by concatenating them along the
channel dimension and applying 3D convolutions. Co-Occ
[30] introduces the K-Nearest Neighbor (KNN) algorithm to
optimize the concatenation process, alleviating the issue of
some voxels containing only image or point cloud features.
CONet [6] and Occgen [31] use 3D convolutions to apply
weighted operations on the image and point cloud feature
branches and perform fusion through weighted summation,
thus improving the effectiveness and robustness of the fusion
results. Unlike the fusion schemes mentioned above, we
introduce 3D Gaussian rendering to implement a cross-
supervision alignment paradigm, which forms the basis for
constructing a more effective fusion module.
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Fig. 2: Framework of our UnsOcc. Features from image and LiDAR modalities are extracted, aligned via RenderFusion,
and fused. The fused features are used for 3D occupancy prediction, with auxiliary supervision provided by 2D semantic
rendering through 3D Gaussian Splatting.

III. METHOD

A. Overview

The overall architecture of our model is illustrated in
Figure 2. At its core, we incorporate 3D Gaussian Splatting,
a technique that has recently been widely adopted due to
its faster rendering speed compared to volume rendering. By
representing a scene as a set of 3D Gaussians, each Gaussian
distribution G is defined as

G(X) = e−
1
2 (X−µ)TΣ−1(X−µ), (1)

where µ and Σ denote the mean and 3D covariance ma-
trix, respectively. Through projection, each 3D Gaussian is
mapped to a 2D Gaussian G2, with its covariance matrix
computed as

Σ′ = JWΣWTJT , (2)

where W is the view transformation matrix and J the
Jacobian matrix. The rendering process then applies alpha-
blending to compute pixel colors:

c(x) =

N∑
i=1

ciαiGi
2(x)

i−1∏
j=1

(
1− αjGj

2(x)
)
, (3)

with x denoting the pixel position, and ci, αi the color and
opacity of the i-th Gaussian.

Building on this rendering mechanism, our framework
introduces Bidirectional Supervision for Cross-Modal Fea-
ture Alignment and Detail-aware Auxiliary Supervision via
Gaussian Splatting. The former enhances feature extrac-
tion and alignment across modalities through cross-modal
supervision, thereby strengthening their fusion. The latter

leverages 2D ground truth as an auxiliary supervision signal
to supplement non-empty semantic samples, effectively ad-
dressing the sparsity of map elements in unstructured scenes.

B. Feature Extraction

Our framework adopts a dual-branch backbone to process
the image and LiDAR modalities in parallel.

For the image branch, we use a ResNet backbone pre-
trained on ImageNet to capture hierarchical visual patterns.
The multi-level features are aggregated by a SECONDFPN
neck, which enhances semantic abstraction while preserving
spatial details, and outputs unified 128-dimensional repre-
sentations suitable for downstream tasks.

For the LiDAR branch, the raw point cloud is voxelized
into regular 3D grids, with each voxel retaining up to a fixed
number of points. A voxel feature encoder based on mean
pooling aggregates local geometry, and a sparse convolu-
tional encoder further extracts high-dimensional descriptors
that efficiently encode structural and spatial information.

In this way, the image branch contributes rich seman-
tic cues such as textures and object boundaries, while
the LiDAR branch provides precise geometric and depth-
aware representations. The complementary features are sub-
sequently integrated in the fusion module to enable robust
cross-modal reasoning.

C. Bidirectional Supervision for Cross-Modal Feature Align-
ment.

To address the fusion challenges arising from the lack of
semantic information in the LiDAR branch and depth infor-
mation in the cameras branch, we propose a bidirectional
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supervision for cross-modal feature alignment mechanism
called RenderFusion as shown in Fig.2. This method intro-
duces semantic supervision to the LiDAR branch and depth
supervision to the camera branch through a rendering-based
approach.
Depth Rendering for Camera Branch. In the image branch,
since the monocular image lacks depth information, we
utilize the depth projection from the LiDAR branch as
a supervisory signal to supervise the depth prediction in
the image branch. In this way, depth information that is
geometrically aligned with the LiDAR branch is introduced
into the image branch, enhancing its spatial understanding
and facilitating cross-modal consistency.

Specifically, given an input image I ∈RH×W×3, feature
FI ∈ RH×W×C is first extracted through a backbone and
neck network and then passed through a Depth Net [32]
to produce a depth distribution pd ∈ RD×H×W = Φd(FI).
D represents the number of depth bins. FI is lifted into
image-depth space by weighted aggregation based on the
depth distribution:

Fimg-d(u, v, d) = pd(u, v, d) · FI(u, v). (4)

By leveraging intrinsic K and extrinsic E, the discrete
depth coordinates of each pixel (u, v, d) can be mapped
to corresponding 3D voxel coordinates without learnable
parameter:

Fvi(i, j, k) =
∑

T (u,v,d)=(i,j,k)

Fimg-d(u, v, d), (5)

where Fvi and T denote the 3D voxel features of the
image and the transformation function that maps image depth
coordinates to 3D voxel coordinates, respectively.

The subsequent fusion of voxel-level features is highly
dependent on the geometric alignment between the two
modalities, whereas the transformation of image features
from 2D to 3D at this stage critically relies on the accuracy
of depth prediction. To ensure accurate and consistent depth
prediction, during training, the point cloud input P ∈RN×4

from the LIDAR branch is projected to generate a depth
map ZL ∈ RH×W . By normalizing ZL and applying one-
hot encoding, we obtain the ground truth for the depth
distribution Zp∈RD×H×W :

ZL(u
′, v′) = min(Pimg(u, v)), Pimg = K ·[R | t]·Ph, (6)

where P h denotes the homogeneous coordinates of a
LiDAR point, [R | t] is the extrinsic matrix, K is the
intrinsic matrix, Pimg∈RD×H×W is the projected 2D image
coordinate. u′ and v′ are the results of rounding the u and
v components, which represent the horizontal and vertical
components of the image coordinates, respectively.
Semantic Rendering for Lidar Branch. In the LIDAR
branch, we also aim to leverage information from the image
branch to improve the alignment between LIDAR and image
features. Semantic prediction from LIDAR signals has been
widely validated as effective. To facilitate this, we introduce
a semantic prediction head that converts 3D LIDAR features
into 3D semantic logits. These logits are then projected onto

the image plane using 3D Gaussian Splatting and supervised
with 2D semantic segmentation maps obtained from the input
images.

Concretely, let P ∈RN×4 be the input point clouds. The
voxelized Pv ∈RM×4 contains the mean values of M non-
empty voxels. Building upon the voxelized representation,
subsequent sparse convolutions hierarchically aggregate local
voxel neighborhoods, resulting in sparse LIDAR feature
representations FL. Prior to multi-modal fusion, we establish
semantic consistency between sparse LIDAR features and
image features through an auxiliary learning task. During
training, the sparse feature FL ∈ RM×C is processed by a
lightweight segmentation head Φseg3d to produce volumetric
semantic logits LL ∈ RX×Y×Z×K . K is the number of
3D occupancy classes. To leverage the information from the
image branch as a supervision signal, L3

L is then rendered
to the 2D image plane via alpha-blending:

L2
L =

N∑
i=1

LL · α′
i

i−1∏
j=1

(1− α′
i), (7)

where N represents the number of Gaussians involved in the
projection, L2

L is the 2D logits obtained from the projection,
α′ is the effective opacity computed from the original opacity
and Gaussian density. At this point, we can supervise the
LIDAR voxel features FL using 2D semantic segmentation
SI that matches the image input.

After pre-fusion optimization, the enhanced LiDAR and
image features are fused in 3D voxel space. The LiDAR
and projected image features are first spatially aligned,
and for each non-empty LiDAR voxel, neighboring image
features are retrieved to provide semantic guidance. These
neighboring features are then weighted and combined with
the LiDAR features to produce the final fused representation.

D. Detail-aware auxiliary supervision via Gaussian splat-
ting

In unstructured scenes, particularly in large-scale open en-
vironments or natural settings, some object classes typically
occupy only a small fraction of the space, with the majority
of the area remaining empty. Consequently, more than 98%
of the voxels in the 3D occupancy ground truth are empty,
resulting in an extremely low density of meaningful semantic
occupancy data. This severe sparsity substantially limits the
effectiveness of semantic class supervision. However, in the
image space, the proportion of empty classes is significantly
reduced. To leverage this advantage, we propose a dense
2D auxiliary supervision mechanism, which employs 3D
Gaussian Splatting to exploit semantic information from the
image space for 3D occupancy prediction. This strategy sub-
stantially increases the number of learning samples for non-
empty categories, thereby enhancing the model’s ability to
accurately perceive these classes, especially for rare classes.

In particular, the fused features Ff is passed through a
decoder and a semantic head to output 3D occupancy logits
predictions O. Moreover, We employ 3D Gaussian Splatting
to project O onto the camera plane, yielding 2D segmentation
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predictions L2
occ and depth predictions Ld

L2
occ =

N∑
i=1

Locc · α′
i

i−1∏
j=1

(1− α′
i), (8)

L2
d =

N∑
i=1

di · α′
i

i−1∏
j=1

(1− α′
i), (9)

where Locc represents the occupancy logits produced by the
Semantic Decoder, and di denotes the center depth of the i-th
Gaussian (the z-coordinate in the camera coordinate system).

Building upon the use of 3D occupancy ground truth for
supervision, we also use 2D ground truth, which matches
the input image, to supervise the predictions, refining the
learning of long tail samples.

E. Loss Function

Depth Predict Loss. The binary cross-entropy (BCE) loss
is adopted to supervise the discrete depth distribution:

Ld = − [Zp log(pd) + (1− Zp) log(1− pd)] , (10)

where pd denotes the predicted depth probability and Zp

represents the corresponding ground-truth label.
Depth Render Loss. The SILog loss calculates the loss
between the depth predicted Zr by 3D Gaussian Splatting
and the ground truth depth ZL:

Ldr =
1

N

N∑
i=1

| log(Zr(i))− log(ZL(i))|. (11)

Segmentation Render Loss. Cross-entropy loss is applied
to both the 2D logits rendered from LIDAR features L2

L and
those rendered from 3D occupancy predictions L2

occ:

L2D = − log
(
Sigmoid(L2

L)y
)
− log

(
Sigmoid(L2

occ)y
)

(12)
where y represents the ground truth class label. With the
addition of the 3D occupancy loss Locc, the total loss is
expressed as follows:

L = Locc + Ld + Ldr + L2D. (13)

IV. RESULTS

A. Datasets

Open-pit Mine Dataset. We evaluate our proposed model
on a real-world unstructured scene dataset, collected from
multiple open-pit mines in China. The sensing platform is
equipped with a front-mounted LiDAR, a monocular camera,
and an inertial navigation system (INS). Data were gathered
under diverse conditions, including daytime, nighttime, rain,
snow, and dusty weather, covering both structured roads and
unstructured terrains such as muddy or rugged surfaces. In
total, the dataset comprises 135 sequences with an average
length of 55 frames, featuring complex terrain, loosely dis-
tributed objects, and irregular obstacles. Each frame provides
synchronized LiDAR point clouds and monocular images.

For ground-truth construction, dynamic objects were re-
moved from multi-sweep LiDAR data to generate dense
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Fig. 3: Distribution of semantic classes in the dataset.
static point cloud maps, which were then voxelized into 3D
semantic occupancy labels. The occupancy space is repre-
sented as a voxel grid of size [256, 256, 32], with a voxel
resolution of [0.3m, 0.3m, 0.3m]. All voxels are categorized
into 13 classes, including 11 semantic classes (e.g., driveable
surface, terrian, muddy regions, traffic signs, barrier, truck,
widebody, car, excavator, machinery and pedestrian), along
with an empty and an unknown class. To better illustrate
the dataset composition, Fig. 3 shows the voxel distribution
across these categories. The semantic voxel distribution
is highly sparse, where “drivable surface” and “terrain”
dominate the majority while other categories occur rarely,
leading to a pronounced long-tail distribution. These sparse
categories can be considered as long-tail categories. Further-
more, the dataset contains a variety of irregular obstacles
and unstructured elements, which increase the difficulty of
perception and make it well-suited for evaluating robust 3D
occupancy prediction. Among the 135 sequences, 100 are
used for training, 10 for validation, and 25 for testing. Model
performance on 3D occupancy prediction is evaluated on the
test set using mean Intersection-over-Union (mIoU) and the
average IoU over long-tail classes (mIoU(long-tail)).
NuScenes Dataset. nuScenes [35] is a large-scale au-
tonomous driving benchmark dataset, consisting of 1,000
driving scenes, of which 700 are used for training, 150
for validation, and 150 for testing. The dataset adopts 3D
occupancy labels provided in [4], comprising 17 categories in
total, including 16 semantic classes and one empty class. The
voxel resolution is set to [0.5 m, 0.5 m, 0.5 m], corresponding
to a voxel grid of size [200, 200, 16].

B. Evaluation Metrics

We evaluate the 3D occupancy prediction performance of
our model using mean Intersection-over-Union (mIoU) and
Intersection-over-Union (IoU), defined as follows:

IoU =
T P̸=c0

T P̸=c0 + FP̸=c0 + FN̸=c0

(14)

mIoU =
1

|C| − 1

∑
i∈C,i̸=c0

TPi

TPi + FPi + FNi
(15)

where C denotes the set of all classes, and c0 represents the
empty class. In addition, we also report the mIoU over long-
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mIoU mIoU
(long-tail)

MonoScene [3] C 30.11 4.82 0.10 0.62 1.91 5.09 0.00 0.12 0.00 0.41 0.00 3.92 0.92
TPVFormer [14] C 30.08 5.14 0.15 0.50 4.07 5.15 0.00 0.02 0.00 0.69 0.00 4.17 1.18
Occformer [5] C 30.93 8.85 11.16 6.95 5.91 8.98 0.00 3.76 0.00 6.91 0.00 4.69 4.85
CGformer [33] C 61.07 31.05 5.78 16.25 10.92 22.92 0.22 4.69 8.06 11.96 0.00 15.72 8.98
L2COcc(C) [34] C 60.35 30.99 4.34 18.70 12.07 23.53 0.08 7.69 2.75 15.38 0.00 15.99 9.39
Co-Occ(L) [30] L 37.26 29.72 7.72 19.47 9.93 31.4 0.00 20.92 12.81 25.98 0.00 17.75 14.25
Co-Occ(C&L) [30] C&L 37.86 29.68 8.34 21.3 9.43 32.6 0.16 19.21 16.61 28.38 0.00 18.5 15.11
UnsOcc(Ours) C&L 37.24 29.37 14.70 21.09 8.89 32.17 15.55 23.1 13.63 30.55 0.00 20.57 17.74

TABLE I: Evaluation and comparison on open-pit mine test set.

tail categories by excluding drivable surface and terrain from
the semantic classes in the Opne-pit Mine dataset.

C. Implementation details

Experiments are conducted on 8 NVIDIA L40 GPUs with
a batch size of 1 per GPU. Models use ResNet-50 for the
Open-pit Mine dataset and ResNet-101 for nuScenes, trained
with AdamW (lr=0.0001, weight decay=0.01) for 24 epochs.
Baselines follow their official implementations.

D. Main Results

Results on Open-pit Mine Dataset. Experiments are con-
ducted on the Open-pit Mine Dataset, comparing the pro-
posed approach with various methods with different input
modalities, including image-only [3], [5], [14], [33], [34],
LiDAR-only [30], and LiDAR-image fusion [30] methods.
Table II shows the per-class IoU and overall mIoU. Early
image-only methods [3], [5], [14] perform poorly. Compared
to recent image-only approaches [33], [34], our method
improves mIoU by 30.6% and 28.6%. Against recent LiDAR-
only methods [30], our method achieves 15.9% higher mIoU,
showing the benefit of multi-modal fusion. Compared to
LiDAR-image fusion methods, our approach achieves an
11.19% mIoU gain, with notable improvements on rare
classes. It is worth noting that our method achieves better
performance on the muddy class compared to all other
baselines. The lack of LiDAR returns in muddy regions sig-
nificantly limits the effectiveness of LiDAR-based methods.
Even advanced fusion strategies, such as Co-Occ [30], fail to
yield notable gains in these challenging areas. In contrast, our
RenderFusion leverages image-guided rendering supervision
to compensate for the LiDAR deficiency, leading to notable
improvements and demonstrating the effectiveness and ro-
bustness of our approach. Moreover, our method achieves
a significant improvement in mIoU (long-tail) over all the
above methods, demonstrating its superiority in handling

long-tail categories. Figure 4 presents the qualitative com-
parisons between our method and existing approaches.
Results on nuScenes Dataset. To further assess the gen-
eralizability of our model, we conduct supplementary ex-
periments on the nuScenes. Our approach achieves higher
mIoU compared to several previous state-of-the-art methods,
demonstrating its capability to capture both coarse and fine-
grained scene structures. Our method shows clear advantages
on challenging objects such as traffic cones and pedestrians,
indicating stronger sensitivity to fine details. These observa-
tions collectively support the robustness of our model and
its applicability across different datasets and scenarios.

E. Ablation Study

Effect of the GSRefinement. As shown in Table III, incor-
porating the Detail-aware module into the baseline leads to
a 1.13 improvement in mIoU. Furthermore, the mIoU(long-
tail classes) improves by 1.45. This demonstrates that the
Detail-aware component effectively enhances the perception
capability. The introduction of 2D supervision signals signif-
icantly improves semantic prediction performance, especially
for rare classes.
Effect of the RenderFusion. We further evaluate the effec-
tiveness of the proposed RenderFusion module. As shown
in Table III, introducing RenderFusion leads to an additional
improvement of 0.55 in mIoU and 0.75 in rare class mIoU.
This demonstrates that the proposed multi-modal feature
alignment strategy further enhances the quality of fused
features and improves recognition performance on both com-
mon and rare semantic categories.
Combination of GSRefinement and RenderFusion. When
both GSRefinement and RenderFusion are introduced, the
mIoU and mIoU (long-tail) further improve. The result shows
that introducing RenderFusion on top of GSRefinement
brings more gains. Conversely, introducing GSRefinement on
top of RenderFusion also yields additional improvements.
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Fig. 4: Comparison of the performance of different 3D semantic occupancy prediction methods.
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mIoU
MonoScene [3] C 4.0 0.4 8.0 8.0 2.9 0.3 1.2 0.7 4.0 4.4 27.7 5.2 15.1 11.3 9.0 14.9 7.3
BEVFormer [36] C 14.2 6.5 23.4 28.2 8.6 10.7 6.4 4.0 11.2 17.7 37.2 18.0 22.8 22.1 13.8 22.2 16.7
SurroundOcc [4] C 20.5 11.6 28.1 30.8 10.7 15.1 14.0 12.0 14.3 22.2 37.2 23.7 24.4 22.7 14.8 21.8 20.3
OccFormer [5] C 21.1 11.3 28.2 30.3 10.6 15.7 14.4 11.2 14.0 22.6 37.3 22.4 24.9 23.5 15.2 21.1 20.1
C-CONet [6] L 18.6 10.0 26.4 27.4 8.6 15.7 13.3 9.7 10.9 20.2 33.0 20.7 21.4 21.8 14.7 21.3 18.4
FB-OCc [37] C 20.6 11.3 26.9 29.8 10.4 13.6 13.7 11.4 11.5 20.6 38.2 21.5 24.6 22.7 14.8 21.6 19.6
RenderOcc [20] C 19.7 11.2 28.1 28.2 9.8 14.7 11.8 11.9 13.1 20.1 33.2 21.3 22.6 22.3 15.3 20.9 19.0
LMSCNet [38] L 13.1 4.5 14.7 22.1 12.6 4.2 7.2 7.1 12.2 11.5 26.3 14.3 21.1 15.2 18.5 34.2 14.9
L-CONet [6] L 19.2 4.0 15.1 26.9 6.2 3.8 6.8 6.0 14.1 13.1 39.7 19.1 24.0 23.9 25.1 35.7 17.7
M-CONet [6] C&L 24.8 13.0 31.6 34.8 14.6 18.0 20.0 14.7 20.0 26.6 39.2 22.8 26.1 26.0 26.0 37.1 24.7
Co-Occ [30] C&L 28.1 16.1 34.0 37.7 17.0 21.6 20.8 15.9 21.9 28.7 42.3 25.4 29.1 28.6 28.2 38.0 27.1
UnsOcc(Ours) C&L 29.8 18.2 34.5 37.2 18.2 22.1 21.6 22.7 22.0 29.9 42.6 26.1 29.2 28.4 28.6 38.1 28.1

TABLE II: Evaluation and comparison experiments on nuScenes-Occupancy validation set.

GSRefinement RenderFusion Resolution modality mIoU mIoU
(long-tail)

✗ ✗ 384×1280 C&L 18.50 15.11
✓ ✗ 384×1280 C&L 19.63 16.56
✗ ✓ 384×1280 C&L 19.08 15.86
✓ ✓ 384×1280 C&L 20.57 17.74

TABLE III: Ablation study on architectural components.

F. Deployment

We deployed our proposed method on different vehicle
types at multiple mining sites, with vehicles equipped with
monocular and multi-view cameras. The deployment results
show that the fusion strategy provides significant gains with
monocular input and remains effective under multi-view
settings, consistent with the aforementioned experimental
results, further validating the robustness and practicality of

our approach. Additional qualitative results are available in
the supplementary video.

V. CONCLUSION

This paper proposes a multimodal 3D occupancy predic-
tion framework that integrates RenderFusion with GSRe-
finement, leveraging complementary image and LiDAR in-
formation to enhance scene understanding. The framework
introduces 3D Gaussian Splatting to enable cross-modal
supervision between branches, improving feature alignment
before voxel-level fusion. It further incorporates semantically
rich 2D signals for complementary supervision, boosting
occupancy prediction performance. Experiments on the open-
pit mine and nuScenes datasets validate the effectiveness of
the proposed method.
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