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Abstract 

This study addresses the challenges of sparse long-range point clouds, complex back-
ground interference, and inconsistent localization quality in 3D object detection for intel-
ligent driving in open-pit mines. A camera–LiDAR multimodal detection method based 
on Voxel R-CNN is proposed. We introduce a Multimodal Focal Sparse Voxel Enhance-
ment module that combines Focal Sparse Convolution with shallow visual features to 
guide voxel importance prediction and selective sparse propagation. An Intersection over 
Union (IoU)-Aware Quality and Geometry Refinement Head is further designed to im-
prove the localization accuracy and ranking reliability of 3D proposals. Experimental re-
sults show that the proposed method achieves BEV mAP@0.40 and 3D mAP@0.40 values 
of 63.43% and 61.23%, respectively, outperforming the strongest comparison method, 
MambaFusion, by 5.37 and 7.61 percentage points. In the 60–80 m range, the average 
translation error is reduced to 0.41 m, while the inference speed reaches 27 FPS. These 
results demonstrate that the proposed method improves the detection and localization of 
distant sparse objects in complex open-pit mine environments while maintaining real-
time inference capability. 

Keywords: intelligent driving in open-pit mines; multimodal fusion; 3D object detection; 
Voxel R-CNN; sparse point cloud perception 
 

1. Introduction 
With the development of smart mining and unmanned transportation technologies 

in open-pit mines, increasingly stringent requirements have been imposed on the accu-
racy, stability, and real-time performance of forward environmental perception systems. 
Compared with urban roads, open-pit mine roads have irregular boundaries, while the 
ground, slopes, and large-scale equipment form extensive and complex backgrounds. 
These environments are also affected by strong glare, shadows, dust, and low contrast. 
Moreover, mining trucks, construction machinery, civilian vehicles, and pedestrians dif-
fer substantially in scale and geometric shape. In particular, within the 60–80 m range, 
LiDAR returns become increasingly sparse, and objects often contain only a small number 
of discrete points or partial surface information, resulting in incomplete foreground fea-
tures and increased localization errors. Therefore, achieving robust representations of dis-
tant sparse objects and accurate 3D bounding box estimation remains an important chal-
lenge for intelligent driving perception in open-pit mines. 
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LiDAR directly provides the 3D positions and geometric structures of objects. In re-
cent years, related research has gradually evolved from conventional point cloud encod-
ing toward distance-aware modeling, sparse feature enhancement, and multiscale feature 
extraction. DO-SA&R [1] enhances distant-object features through distance-aware sam-
pling and regression. SphereFormer [2] uses radial-window attention to accommodate the 
distance-dependent sparsity of point clouds, while RAANet [3] further combines range-
aware convolution with point density estimation to alleviate feature imbalance between 
near- and long-range objects. For open-pit mining scenarios, Mine-SSD [4] enhances 
sparse-object representations through dual-threshold sampling and radius-adaptive 
grouping, whereas MHVTNet [5] uses multiscale hierarchical voxels and attention mech-
anisms to strengthen representations of mining objects at different scales. However, as the 
detection distance increases, the number of non-empty voxels associated with an object 
decreases rapidly, and limited foreground responses can easily be weakened by back-
ground features from the ground and slopes. Therefore, LiDAR alone remains insufficient 
to fully recover object structures. 

Cameras provide denser edge, contour, and texture information and thus serve as an 
important complement to sparse point clouds. Early studies, including MVXNet [6] and 
Frustum PointNets [7], mainly employed point/voxel projection and frustum constraints 
to establish cross-modal associations. Subsequently, MSMDFusion [8], SparseFusion [9], 
SupFusion [10], and CMT [11] improved fusion performance through multiscale interac-
tion, sparse representation fusion, auxiliary supervision, and cross-modal Transformers, 
respectively. More recently, GAFusion [12], IS-Fusion [13], Lift-Attend-Splat [14], and 
DSTR [15] have further enhanced cross-modal representations through adaptive interac-
tion, instance–scene collaboration, and attention mechanisms. EVT [16] and MambaFu-
sion [17] focus on efficient view transformation and preservation of height information, 
whereas MoME [18] investigates multimodal robustness under sensor degradation. These 
approaches have advanced camera–LiDAR fusion; however, images captured in open-pit 
mines are susceptible to strong illumination, shadows, and dust. Repeated injection of 
visual features across multiple scales and stages may continuously propagate background 
noise through the point cloud backbone. Therefore, effectively using visual information 
to facilitate the identification of long-range foreground regions while restricting the prop-
agation of unstable visual features remains an important issue. 

In addition, long-range point cloud sparsity can lead to inconsistency between clas-
sification confidence and 3D localization quality. Previous studies have employed locali-
zation confidence or IoU prediction to improve proposal quality estimation and non-max-
imum suppression (NMS) ranking [19–21]. However, pedestrians, civilian vehicles, and 
large construction machinery in mining environments exhibit substantial differences in 
physical dimensions and geometric proportions, making it difficult for shared regression 
parameters to adequately model class-dependent geometric residual distributions. Focal 
Sparse Convolution (FSConv) [22] selectively expands sparse features based on voxel im-
portance prediction, providing a promising mechanism for suppressing unnecessary 
background expansion. Meanwhile, Voxel R-CNN [23] employs voxel Region of Interest 
(RoI) pooling for efficient two-stage 3D bounding box refinement, providing a suitable 
foundation for balancing detection accuracy and real-time performance. Therefore, exist-
ing methods still lack a unified framework that can enhance long-range sparse foreground 
representations, constrain the propagation of unreliable visual information, and simulta-
neously improve 3D proposal localization and ranking reliability in complex open-pit 
mine environments. 

Based on the above analysis, this study develops a two-stage camera–LiDAR multi-
modal 3D object detection model based on Voxel R-CNN for multiclass object detection 
within the forward 0–80 m range of transport vehicles in open-pit mines. The model 
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primarily addresses insufficient foreground responses to distant sparse objects, interfer-
ence from complex backgrounds, and inconsistencies between 3D proposal localization 
quality and ranking reliability. Different from directly fusing visual features into 
point/voxel representations, MFS uses shallow visual features to assist voxel importance 
estimation and thereby guide where sparse feature propagation should occur, while sub-
sequent stages remain LiDAR-driven. Furthermore, compared with directly using locali-
zation confidence or IoU prediction for proposal scoring, IAQH jointly models class-de-
pendent proposal quality, class-specific geometric residuals, and class-agnostic IoU qual-
ity. These two designs respectively address sparse foreground representation before pro-
posal generation and localization-quality refinement after proposal generation. The main 
contributions are as follows: 

(1) A Multimodal Focal Sparse Voxel Enhancement (MFS) algorithm is proposed. Shal-
low visual features are used to assist voxel importance estimation and selectively 
guide sparse neighborhood propagation, rather than being repeatedly fused with Li-
DAR features throughout the backbone. Visual information is injected only once at a 
shallow scale, while the subsequent feature extraction stages remain LiDAR-driven. 
In this way, distant sparse foreground responses are enhanced while unnecessary 
background activation and visual-noise propagation are reduced. 

(2) An IoU-Aware Quality and Geometry Refinement Head (IAQH) is proposed. Class-
dependent proposal quality, class-specific geometric residuals, and class-agnostic 
IoU quality are jointly modeled to improve proposal refinement and ranking. With-
out modifying the first-stage predicted classes, the two quality estimates are com-
bined to recalibrate proposal ranking, thereby improving localization accuracy and 
ranking reliability. 

2. Materials and Methods 
2.1. Multimodal 3D Object Detection Model Architecture for Complex Open-Pit  
Mine Environments 

To accurately detect forward 3D objects for transport vehicles in open-pit mines and 
address sparse point clouds of distant objects, interference from background voxels, and 
inconsistency between 3D proposal classification confidence and localization quality, a 
camera–LiDAR multimodal 3D object detection model is developed based on the two-
stage Voxel R-CNN framework. The overall architecture is shown in Figure 1. 
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Figure 1. Model architecture. 
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The image branch employs a DeepLabV3-ResNet50 encoder. The output of layer1, 
the first residual stage of the ResNet-50 backbone, is extracted as the shallow visual struc-
tural feature. Based on the calibration relationship between the camera and LiDAR, the 
centers of visible voxels are projected onto the image plane, and the corresponding image 
edge, contour, and local texture features are sampled. For voxels outside the camera field 
of view or with invalid projection depths, the image features are set to zero while the 
complete LiDAR voxel features are retained. 

In the point cloud branch, the original VoxelBackBone8x of Voxel R-CNN is replaced 
with a sparse backbone constructed using FSConv. First, LiDAR voxel features are used 
for importance prediction and focal sparse propagation at the conv1 stage. Image-condi-
tioned FSConv is then introduced at the conv1 output scale, allowing the projected visual 
features and LiDAR voxel features to jointly participate in voxel importance prediction 
and dynamic selection of expansion locations. The conv2 and conv3 stages continue to 
employ LiDAR-driven FSConv to aggregate sparse foreground responses at different 
scales, whereas conv4 uses conventional sparse convolution for deep feature extraction. 
Image features are injected only once at the conv1 output scale to reduce the risk of per-
sistent propagation of strong illumination, shadows, and complex background textures 
into deeper layers of the point cloud network. 

The enhanced 3D sparse voxel features are mapped to a bird’s-eye view, where the 
first-stage detection head performs object class prediction, 3D bounding box regression, 
and orientation estimation to generate 3D proposals. In the second stage, proposal fea-
tures are obtained using RoI grid pooling. Three branches are then established in parallel: 
an eight-channel class-conditional quality branch, a class-specific bounding box regres-
sion branch, and a class-agnostic IoU quality branch. Importantly, the second-stage refine-
ment procedure does not reclassify the 3D proposals. The class of each RoI is retained 
from the first-stage prediction. The class-conditional quality branch estimates proposal 
quality conditioned on that class, the class-specific regression branch selects the corre-
sponding seven-dimensional geometric residuals, and the IoU branch provides a localiza-
tion quality estimate shared across classes. During inference, the two quality outputs are 
independently normalized using sigmoid functions, and their probability product is used 
as the final 3D proposal ranking score. 

The resulting model forms a complete detection pipeline comprising front-end 
sparse-object representation enhancement, first-stage 3D proposal generation, and back-
end quality and geometry refinement. MFS primarily enhances feature visibility and 3D 
proposal generation for distant sparse objects, whereas IAQH mainly improves 3D 
bounding box regression accuracy and NMS ranking reliability. Together, these compo-
nents improve 3D object detection and localization performance in open-pit mine envi-
ronments. 

2.2. Multimodal Focal Sparse Voxel Enhancement (MFS) 

To address missed 3D detections caused by sparse point clouds of distant objects and 
insufficient foreground feature propagation in open-pit mine environments, the Multi-
modal Focal Sparse Voxel Enhancement (MFS) algorithm is developed based on the two-
stage voxel detection framework of Voxel R-CNN. 

MFS retains the voxelization, BEV mapping, first-stage detection head, and second-
stage RoI refinement framework of Voxel R-CNN while primarily modifying VoxelBack-
Bone8x. As shown in Figure 2, the improved backbone comprises the LiDAR-Driven Focal 
Sparse Propagation (LFS) module, the Voxel Foreground Estimation and Selection (VFE) 
module, and the Visual Semantic Injection (VSI) module. LFS performs selective neigh-
borhood propagation based on FSConv; VFE predicts voxel foreground importance and 
determines expansion locations; and VSI introduces image features at a single shallow 
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scale, allowing visual information to participate in voxel selection and feature fusion. 
These modules jointly alleviate insufficient feature representation and missed detections 
of distant objects. 
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Enhanced
Features

Sparse
LiDAR Voxel VSI

Regular
Sparse

convolution

LiDAR-
driven

VFE+LFS

LiDAR-
driven

VFE+LFS

LiDAR-
driven

VFE+LFS

conv1 conv1 conv2 conv3 conv4

Shallow Visual Feature
 from DeepLabV3-ResNet50 layer1 Projection & Alignment

 

Figure 2. Block diagram of the MFS algorithm. 

2.2.1. FSConv-Based Sparse Neighborhood Propagation and Voxel Importance Selection 

For onboard forward perception in open-pit mines, mining vehicles within the 60–80 
m range typically contain only a small number of discrete voxels, while small objects such 
as pedestrians contain even fewer valid voxels. The original Voxel R-CNN employs Voxel-
BackBone8x to extract multiscale sparse voxel features. As shown in Figure 3, submani-
fold sparse convolution updates features only at existing non-empty voxel locations, mak-
ing it difficult to aggregate the small number of spatially separated responses from distant 
objects. Conventional sparse convolution can expand the feature propagation range but 
may simultaneously activate background regions such as the ground, slopes, and large 
equipment. Therefore, FSConv is introduced into the conv1, conv2, and conv3 stages of 
VoxelBackBone8x, where voxel importance controls the locations of neighborhood prop-
agation. Conventional sparse convolution is retained in conv4 for deep feature extraction. 
This configuration selectively expands the feature propagation range of distant fore-
ground voxels while suppressing irrelevant background expansion. 

Output
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Processed

Added

Output

Input

Output

Input
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Figure 3. Comparison of different sparse convolution feature propagation mechanisms. 

In the improved Voxel R-CNN backbone, VFE modules are deployed in the LiDAR 
branch of conv1, the visually conditioned branch at the conv1 output scale, and the LiDAR 
branches of conv2 and conv3, resulting in four voxel importance prediction branches. 

FSConv first uses the importance prediction branches to estimate the latent fore-
ground probability for each non-empty voxel. Let the predicted logit for voxel v in the kth 
branch be 𝑠௩ሺ௞ሻ, whose importance probability is expressed as: 𝑚ෝ௩ሺ௞ሻ = 𝜎൫𝑠௩ሺ௞ሻ൯ (1) 

Non-empty voxels at the current scale are ranked according to their importance prob-
abilities. Only the top 50% of voxels are selected as the expansion set, and LFS performs 
FSConv neighborhood propagation on the selected voxels, while the remaining voxels re-
tain their original sparse states. This procedure converts the fixed sparse convolution 
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propagation in the original Voxel R-CNN into foreground-guided dynamic propagation, 
concentrating computation and feature expansion on potential object regions. 

During training, foreground and background labels are generated according to 
whether a voxel center lies within any ground-truth 3D bounding box. Focal Loss is used 
to supervise the four importance prediction branches, and the auxiliary loss is defined as 
follows: 

ℒ୴୭୶ୣ୪ = ෍𝜆௞୴୭୶ୣ୪ସ
௞ୀଵ ℒ୤୭ୡୟ୪ሺ௞ሻ  (2) 

Here, ℒ୤୭ୡୟ୪ሺ௞ሻ  represents the voxel importance loss for the kth branch, and 𝜆௞୴୭୶ୣ୪ is 
the corresponding weight; this paper adopts equal weights. Therefore, VFE is responsible 
for filtering out potential foreground locations from the multiscale voxel features of Voxel 
R-CNN, while LFS uses FSConv to perform sparse neighborhood propagation on the se-
lected locations, thereby enhancing features of distant objects and suppressing back-
ground expansion. 

2.2.2. Visual Conditional Enhancement and 3D Proposal Generation Based on 
DeepLabV3-ResNet50 

FSConv-based sparse propagation improves the spatial aggregation of distant voxels 
but cannot compensate for missing edge, contour, local texture, and class-semantic infor-
mation in point clouds. When mining trucks, wide-body dump trucks, and water trucks 
exhibit similar local geometric distributions, or when pedestrians contain only a few Li-
DAR points, LiDAR features alone may be insufficient for reliable classification. There-
fore, image features are introduced into the improved Voxel R-CNN backbone. Because 
open-pit mine images are susceptible to glare, shadows, and dust, shallow visual features 
are injected only once at the conv1 output scale to avoid persistent propagation of visual 
noise caused by repeated multiscale fusion. 

This paper employs DeepLabV3-ResNet50 to extract shallow structural features from 
images and, based on the calibration relationship between the LiDAR and the camera, 
projects the voxel centers onto the image plane. Let the voxel center be 𝐩௩, the camera’s 
intrinsic matrix be K, and the extrinsic transformation from LiDAR to camera be [𝑹୐→େ 𝒕ై→ి] ; then, the projection relationship is expressed as: 

𝜂௩ ቈ𝑢௩𝑣௩1 ቉ = 𝐊[𝑹୐→େ  𝒕ై→ి] ቂ𝐩௩1 ቃ (3) 

For voxels with valid projections, the corresponding visual features are sampled from 
the shallow image feature map. The feature map extracted from the layer1 stage of 
DeepLabV3-ResNet50 contains 256 channels and is reduced to 16 channels through a 
channel-reduction layer before visual feature sampling, thereby matching the dimension-
ality of the LiDAR voxel features at the conv1 output scale. For voxels outside the camera 
field of view or with invalid projection depths, the visual features are set to zero, while 
the LiDAR voxel features are retained. 

At the conv1 output scale, the LiDAR voxel feature 𝑥௩௅ ∈ ℝଵ଺ and the aligned visual 
feature 𝑥௩ூ ∈ ℝଵ଺ are concatenated along the channel dimension to form a 32-dimensional 
multimodal feature [𝑥௩௅ ∥ 𝑥௩ூ ] ∈ ℝଷଶ. The concatenated feature is input to VFE for voxel 
importance estimation and selection of the voxel locations for sparse neighborhood prop-
agation. Multimodal FSConv subsequently performs selective sparse propagation accord-
ing to the predicted voxel importance, producing a 16-dimensional output feature 𝑥ො௩௅ ∈ℝଵ଺. The FSConv output is then combined with the corresponding 16-dimensional visual 
feature by elementwise addition to obtain the enhanced voxel feature: 
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𝐱௩୤୳ୱୣ = ൜𝑥ො௩௅ + 𝐱୴୍ 𝑣 ∈ 𝒱୴୧ୱ𝑥ො௩௅, 𝑣 ∉ 𝒱୴୧ୱ (4) 

where 𝑥ො௩௅ ∈ ℝଵ଺  denotes the output of multimodal FSConv, 𝒙௩ூ ∈ ℝଵ଺  denotes the 
aligned visual feature at the projected voxel location, and 𝒱୴୧ୱ denotes the set of voxels 
with valid image projections. The elementwise addition preserves the feature dimension-
ality, yielding 𝒙௩୤୳ୱୣ ∈ ℝଵ଺. Accordingly, channel-wise concatenation is used to construct 
the multimodal input for voxel importance estimation, whereas elementwise addition is 
applied after FSConv to obtain the enhanced voxel representation. 

The fused features are sequentially processed through FSConv on the LiDAR side in 
conv2 and conv3, and through conventional sparse convolution in conv4. Image features 
are not re-injected at subsequent scales, thereby reducing the risk of strong light, shadows, 
and complex background textures propagating persistently through deep point cloud net-
works. 

The fused features are further processed by the LiDAR-side VFE–LFS units in conv2 
and conv3 and the conventional sparse convolution in conv4 to obtain the 3D sparse fea-
ture representation of the improved Voxel R-CNN: 𝐅ଷୈ ∈ ℝே×ଵଶ଼ (5) 

Here, N represents the final number of non-empty voxels. Subsequently, following 
the single-stage detection workflow of Voxel R-CNN, 𝐅ଷୈ is mapped to a bird’s-eye view, 
where the detection head performs class prediction, 3D bounding box regression, and ori-
entation estimation, and generates 3D proposals. Single-stage detection loss: ℒ୰୮୬ = 𝜆ୡ୪ୱ୰୮୬ℒୡ୪ୱ୰୮୬ + 𝜆୪୭ୡ୰୮୬ℒ୪୭ୡ୰୮୬ + 𝜆ୢ୧୰୰୮୬ℒୢ୧୰୰୮୬ (6) 

Specifically, ℒୡ୪ୱ୰୮୬ represents the category anchor classification loss, ℒ୪୭ୡ୰୮୬ represents 
the 3D bounding box regression loss, and ℒୢ୧୰୰୮୬ represents the direction classification loss. 
The weights are set as follows: 𝜆ୡ୪ୱ୰୮୬ = 1.0, 𝜆୪୭ୡ୰୮୬ = 2.0, 𝜆ୢ୧୰୰୮୬ = 0.2. 

In summary, MFS integrates FSConv with shallow visual information in the first-
stage voxel backbone of Voxel R-CNN. When the geometric information provided by 
long-range point clouds is insufficient, image edges, contours, and local textures assist 
voxel importance estimation, preventing some sparse foreground voxels from being 
prematurely suppressed. When images are degraded by strong illumination, dust, or low 
contrast, LiDAR geometric features continue to constrain the 3D positions and dimensions 
of objects, while regions invisible to the camera are modeled entirely by the point cloud 
branch. Consequently, the resulting feature representation combines single-pass visual 
assistance with multiscale LiDAR voxel importance refinement. 

2.3. IoU-Aware Quality and Geometry Refinement Head (IAQH) Based on Voxel R-CNN 

Although MFS improves the representation and 3D proposal recall of distant sparse 
objects, the generated 3D proposals may still exhibit errors in dimensions and heading. 
To further improve their 3D localization accuracy, the second-stage refinement network 
of Voxel R-CNN is specifically modified based on the high-recall 3D proposals generated 
by MFS. The resulting IoU-Aware Quality and Geometry Refinement Head (IAQH) per-
forms proposal quality calibration, class-specific geometric refinement, and ranking relia-
bility enhancement. 

IAQH takes the high-recall 3D proposals generated by MFS as input and obtains 
shared RoI features through Voxel RoI Pooling. A class-conditional quality (CQ) branch, 
a class-specific regression (CSR) branch, and a class-agnostic IoU quality (IoUQ) branch 
are then established based on the shared RoI features. IAQH does not reclassify 3D pro-
posals; instead, it retains the classes predicted by the first stage of the improved Voxel R-
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CNN and performs quality estimation, geometric refinement, and ranking calibration 
while preserving class consistency. The IAQH architecture is shown in Figure 4. 
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Figure 4. IAQH network architecture. 

2.3.1. Continuous Quality Modeling and Class-Specific Regression Based on Voxel  
RoI Features 

Traditional binary positive/negative labels can only determine whether a candidate 
bounding box meets a given IoU threshold; they cannot describe the localization differ-
ences between two candidate bounding boxes of similar quality, which hinders the 
model’s ability to learn fine-grained ranking relationships. Therefore, this paper con-
structs continuous soft quality labels using the maximum 3D IoU between Voxel R-CNN 
candidate bounding boxes and ground-truth bounding boxes of the same class. Let 𝑢௜ 
denote the maximum IoU of the i-th RoI with ground-truth bounding boxes of the same 
class, then 

𝑦௜ = ⎩⎪⎨
⎪⎧0, 𝑢௜ < 𝑢ୠ୥𝑢௜ − 𝑢ୠ୥𝑢୤୥ − 𝑢ୠ୥ , 𝑢ୠ୥ ≤ 𝑢௜ ≤ 𝑢୤୥1, 𝑢௜ > 𝑢୤୥  (7) 

In this case, 𝑢ୠ୥ = 0.25, 𝑢୤୥ = 0.75. 
The category-conditional quality branch outputs an eight-channel quality logit based 

on shared voxel RoI features. For the i-th RoI, the soft quality label is written only to the 
channel corresponding to its stage-1 category: 𝑡௜,௖ୡ୪ୱ = 𝑦௜ 𝕀൫𝑐 = 𝑐௜୰୭୧൯ (8) 

The indicator function selects the channel corresponding to the first-stage RoI class. 
This channel is supervised using the continuous quality label, while the targets of the re-
maining seven channels are set to zero. During training, all eight channels participate in 
binary cross-entropy loss computation rather than optimizing only the channel corre-
sponding to the current class. This design enables the model to learn class-specific quality 
mappings for objects with substantially different scales, such as pedestrians, civilian ve-
hicles, and large construction machinery. 

This branch does not perform secondary classification; instead, it learns 3D proposal 
localization quality conditioned on the first-stage class. Meanwhile, the class-specific re-
gression branch outputs C × 7-dimensional 3D bounding box residuals and selects the 
corresponding seven-dimensional regression channel according to the first-stage class. 
Smooth L1 loss is calculated only for foreground RoIs with a 3D IoU greater than 0.55, and 
a corner constraint is additionally applied to improve the stability of center, dimension, 
and heading refinement across different object classes. 
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2.3.2. Dual-Quality Joint Ranking and End-to-End Optimization of the Improved  
Voxel R-CNN 

To further improve 3D proposal ranking reliability, IAQH establishes an independ-
ent IoU branch based on the shared Voxel RoI features to predict class-agnostic localiza-
tion quality logits. The same continuous soft quality labels are used for supervision. To 
address the large number of low-quality background RoIs, a sigmoid focal binary cross-
entropy (BCE) loss supporting continuous soft labels is adopted, with a balancing factor 
of 𝛼 = 0.25 and a focusing parameter of 𝛾 = 2. This loss reduces the dominance of nu-
merous easily classified low-quality samples in gradient optimization, allowing the net-
work to focus more strongly on difficult RoIs whose localization quality lies near the de-
cision boundary. 

The class-conditional quality branch characterizes class-dependent proposal quality, 
whereas the independent IoU branch characterizes localization reliability shared across 
classes. During inference, the outputs of the two quality branches are independently nor-
malized using sigmoid functions and combined through their probability product to ob-
tain the final ranking score: 𝑠௜ = 𝜎൫𝑧௜,௖ୡ୪ୱ൯𝜎൫𝑧௜୧୭୳൯ (9) 

This score replaces the first-stage classification confidence used alone for NMS rank-
ing. A 3D proposal obtains a high ranking score only when both its class-conditional qual-
ity and independent IoU quality are high, thereby reducing the probability that 3D pro-
posals with localization errors are preferentially retained. The second-stage detection loss 
is defined as follows: ℒ୰ୡ୬୬ = ℒୡ୪ୱ଼ୡ୪ୱ + ℒ୰ୣ୥଼ୡ୪ୱ + ℒ୧୭୳ (10) 

The overall loss of the improved Voxel R-CNN model is defined as follows: ℒ୲୭୲ୟ୪ = ℒ୰୮୬ + ℒ୴୭୶ୣ୪ + ℒ୰ୡ୬୬ (11) 

In this context, ℒ୴୭୶ୣ୪ is the sum of the Focal Loss values across the four voxel im-
portance branches. 

The complete training and inference procedure of the proposed method is summa-
rized in Algorithm 1. 

Algorithm 1. Training and Inference Procedure of the Proposed MFS-IAQH Detector 

 
Input: LiDAR point cloud 𝐏, RGB image 𝐈, camera intrinsic matrix 𝐊, LiDAR-to-camera transformation [𝐑௅→஼ 𝐭௅→஼], and ground-truth 3D boxes 𝐆 (training only). 

 Output: training loss 𝐿୲୭୲ୟ୪, or final 3D detections 𝒟 during inference. 
1 Voxelize 𝐏 and obtain initial voxel features using MeanVFE. 
2 Apply LiDAR-driven VFE–LFS at conv1 and retain the top 50% voxels according to voxel importance. 

3 Extract the shallow image feature map from DeepLabV3-ResNet50 layer1 and reduce its channel dimension 
from 256 to 16 using a 1 × 1 channel-reduction layer, and align it to visible voxels using Equation (3). 

4 
At the conv1 output, concatenate 𝑥௩௅ and 𝑥௩ூ  for VFE selection; apply multimodal FSConv and fuse the 
outputs by Equation (4). 

5 Apply LiDAR-driven VFE–LFS at conv2 and conv3, followed by conventional sparse convolution at conv4. 
6 Obtain the final sparse 3D representation 𝐅ଷ஽ ∈ ℝே×ଵଶ଼ and map it to BEV. 

7 
Generate 3D proposals by proposal NMS and retain the first-stage class 𝑐௜୰୭୧ for each RoI. compute 𝐿௥௣௡ 
during training. 

8 Pool multiscale conv2–conv4 RoI features with a 6 × 6 × 6 grid. 
9 IAQH predicts CQ, CSR, and IoUQ outputs. 

10 if training then 
11 Sample 128 RoIs (foreground ratio 0.5), compute 𝑢௜, and construct 𝑦௜ with 𝑢௕௚ = 0.25 and 𝑢௙௚ = 0.75. 
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12 Optimize CQ, CSR for 𝑢௜ > 0.55, and IoUQ using focal BCE (𝛼 = 0.25, 𝛾 = 2). 
13 Compute 𝐿௧௢௧௔௟ = 𝐿௥௣௡ + 𝐿௩௢௫௘௟ + 𝐿௥௖௡௡; update the network and return 𝐿௧௢௧௔௟. 
14 else refine each RoI with the CSR channel indexed by 𝑐௜௥௢௜, and compute 𝑠௜ according to Equation (9). 
15 Apply final NMS using 𝑠௜ and return the detections 𝒟. 
16 end if 

The key module-specific hyperparameters are specified in Algorithm 1, while the da-
taset-related and training hyperparameters are provided in Section 2.5. 

2.4. Dataset and Evaluation Metrics 

Experiments are conducted using the detection_v2.1 subset of the open-source Au-
tomine dataset, which is specifically designed for intelligent vehicle localization and per-
ception tasks in unstructured environments such as open-pit mines. The dataset was ac-
quired using BFS-U3-31S4C-C industrial cameras (Teledyne FLIR Integrated Imaging So-
lutions, Richmond, BC, Canada), an OS2-64 LiDAR (Ouster, Inc., San Francisco, CA, USA) 
on the SUV platform, and an HDL-32E LiDAR (Velodyne Lidar, Inc., San Jose, CA, USA) 
on the wide-body truck and mining truck platforms. The dataset covers multiple mining 
sites, different periods during daytime operation, and various environmental conditions, 
including dust and glare. Data cleaning and class merging are performed during prepro-
cessing. Point cloud frames lacking intensity fields and samples belonging to the irrele-
vant bus class are removed. The Excavator/bottom and Excavator/top classes are merged 
into a single Excavator class. To reduce temporal redundancy between consecutive 
frames, uniform temporal subsampling with a stride of 2 is applied, i.e., one frame is re-
tained from every two consecutive frames. To avoid further reducing the representation 
of minority classes, all frames containing Pedestrian, Excavator, or Tracked Transport Ve-
hicle instances are retained without temporal subsampling. After preprocessing, a total of 
2207 frames are retained. The cleaned dataset contains eight classes: wide-body dump 
trucks, mining trucks, pushdozers, civilian vehicles, water trucks, tracked transport vehi-
cles, excavators, and pedestrians. The data are divided by scene into 1767 training frames, 
220 validation frames, and 220 test frames to reduce information leakage caused by high 
similarity between temporally adjacent frames assigned to different subsets. The class-
wise distribution of annotated object instances in the training, validation, and test sets is 
summarized in Table 1. 

Table 1. Distribution of annotated object instances in the cleaned Automine dataset. 

 Training Validation Test Total 
Wide-Truck 747 98 88 933 
Mine-Truck 544 72 63 679 
Pushdozer 288 33 38 359 
Civil-Car 264 29 36 329 
Water car 163 22 19 204 

Track 136 14 20 170 
Excavator 99 14 11 124 
Pedestrian 40 4 6 50 

Average Precision (AP) is used to evaluate object detection performance in both the 
bird’s-eye-view (BEV) and 3D spaces. Considering the substantial differences in physical 
scale and point-cloud density among the eight mining object categories, IoU = 0.40 is re-
tained as the primary threshold for multiclass evaluation. To further assess localization 
accuracy and avoid conclusions based on a single IoU criterion, BEV and 3D mAP are 
additionally evaluated at stricter IoU thresholds of 0.50, 0.60, and 0.70. The inference 
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frame rate, measured in frames per second (FPS), is defined as the reciprocal of the aver-
age processing time per frame and directly reflects the computational efficiency and real-
time performance of the model in practical mining environments. Average Translation 
Error (ATE) is also employed to measure the 3D Euclidean distance between the centers 
of predicted and ground-truth bounding boxes. ATE is further evaluated within different 
distance intervals according to the distance from the ground-truth object center to the 
origin of the LiDAR coordinate system. 

2.5. Experimental Setup 

The experimental platform configuration is presented in Table 2. 

Table 2. Experimental platform configuration. 

Component Specification 
CPU Intel Xeon Platinum 8470Q 

Operating System Ubuntu 20.04 
GPU NVIDIA vGPU-32GB × 1 

CUDA 11.8 
PyTorch 2.0.0 
Python 3.8 

GPU Memory 32 G 

Experiments are conducted on the cleaned Automine dataset. The detection ranges 
are set to [0, 80] m along the X-axis, [−40, 40] m along the Y-axis, and [−3, 4] m along the 
Z-axis. A voxel size of [0.2, 0.2, 0.175] m is used along the three axes. To improve model 
generalization, several data augmentation operations are applied, including random crop-
ping, rotation, flipping, color jittering, and Gaussian noise addition. Augmentations in-
volving spatial geometric transformations are synchronously applied to images and point 
clouds, and the corresponding projection relationships are updated accordingly. Color jit-
tering is applied only to the image branch. 

For a fair comparison, all baseline methods were reproduced in our experimental 
environment. MSMDFusion, MVXNet, Frustum PointNets, IS-Fusion, and MambaFusion 
were reimplemented according to their original architectures and recommended configu-
rations, while CenterPoint-Fusion was constructed based on the CenterPoint framework 
by incorporating image information into the detection pipeline. The backbone configura-
tions and pretrained weights of each baseline followed the default settings of the corre-
sponding original method. To minimize the influence of differences in experimental set-
tings, all baseline methods and the proposed method were trained and evaluated using 
the same cleaned Automine dataset, scene-level training/validation/test split, eight-class 
mapping, 0–80 m forward detection range, and evaluation scripts. The training hyperpa-
rameters were also kept consistent across all methods. Specifically, all models were 
trained for 100 epochs using the Adam optimizer with an initial learning rate of 0.003 and 
a batch size of 2. The same evaluation protocol and IoU thresholds were used for all meth-
ods when reporting the comparative results. 

3. Results 
3.1. Model Comparison Experiments 

To evaluate the overall performance of the proposed method for intelligent driving 
perception in open-pit mines, comparisons are conducted with six representative multi-
modal 3D object detection methods using the same dataset split, detection range, class 
mapping, and evaluation scripts. MSMDFusion employs multi-depth seed back-
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projection and multiscale cross-modal fusion. MVXNet performs early fusion by project-
ing image features onto point/voxel representations. CenterPoint-Fusion incorporates im-
age information into a center-based 3D detection framework, whereas Frustum PointNets 
performs point-cloud detection within image-guided 3D frustums. IS-Fusion jointly mod-
els instance-level and scene-level multimodal information through instance–scene collab-
orative fusion. MambaFusion employs height-fidelity LiDAR encoding and Mamba-
based dense global fusion to preserve geometric information while modeling long-range 
cross-modal dependencies. Together, these methods cover early voxel-level fusion, mul-
tiscale fusion, frustum-based fusion, center-based fusion, instance–scene collaborative fu-
sion, and Mamba-based dense global fusion strategies. 

As shown in Tables 3 and 4, the proposed method achieves BEV mAP@0.40 and 3D 
mAP@0.40 values of 63.43% and 61.23%, respectively, outperforming all comparison 
methods. Among the competing methods, MambaFusion achieves the highest overall 
mAP, with BEV and 3D mAP@0.40 values of 58.06% and 53.62%, respectively. Compared 
with MambaFusion, the proposed method improves BEV and 3D mAP by 5.37 and 7.61 
percentage points, respectively. The larger improvement in 3D mAP indicates that the 
proposed method provides more accurate three-dimensional localization and bounding-
box estimation in complex open-pit mine environments. To further examine whether the 
performance advantage depends on the selected IoU criterion, additional evaluations 
were conducted under increasingly strict IoU thresholds ranging from 0.40 to 0.70, as 
shown in Table 5. 

Table 3. Model comparison results in terms of BEV AP@0.40. 

Method Wide-Truck Mine-Truck Pushdozer Civil-Car Water Car Track Excavator Pedestrian 
MSMDFusion [8] 62.57 72.31 61.95 28.68 24.84 9.48 16.41 1.00 

MVXNet [6] 84.36 90.18 55.71 63.74 22.02 7.23 0 0 
CenterPoint-Fusion [24] 80.85 88.90 79.85 36.19 32.43 12.58 22.16 1.00 
Frustum PointNets [7] 99.82 89.73 76.32 84.84 49.32 28.32 0 0 

IS-Fusion [13] 95.20 90.26 82.44 84.29 50.35 28.39 15.26 8.35 
MambaFusion [17] 96.63 91.03 83.27 85.86 51.73 29.14 16.45 10.38 

This work 97.45 91.56 87.21 88.83 54.67 35.20 28.84 23.71 
Note: Bold values indicate the best performance in each column. 

Table 4. Model comparison results in terms of 3D AP@0.40. 

Method Wide-Truck Mine-Truck Pushdozer Civil-Car Water Car Track Excavator Pedestrian 
MSMDFusion [8] 50.68 64.53 59.33 24.72 16.56 9.48 10.97 1.00 

MVXNet [6] 83.20 88.67 53.24 61.31 21.57 7.23 0 0 
CenterPoint-Fusion [24] 75.24 77.63 73.20 19.06 31.4 9.56 11.84 1.74 
Frustum PointNets [7] 96.54 77.82 38.71 76.26 41.64 13.23 0 0 

IS-Fusion [13] 93.35 86.27 76.75 77.54 43.22 21.00 12.87 7.00 
MambaFusion [17] 94.07 87.07 78.59 79.04 44.52 22.51 14.58 8.55 

This work 93.71 89.78 91.04 83.85 49.26 33.49 25.73 22.95 
Note: Bold values indicate the best performance in each column. 

Table 5. Comparison of BEV and 3D mAP under different IoU thresholds. 

Method 
BEV mAP 3D mAP 

@0.40 @0.50 @0.60 @0.70 @0.40 @0.50 @0.60 @0.70 
MSMDFusion [8] 34.66 32.72 28.86 17.42 29.66 29.27 16.87 7.85 

MVXNet [6] 40.41 38.55 35.57 32.64 39.40 37.54 31.66 20.00 
CenterPoint-Fusion [24] 44.25 44.07 36.28 25.07 37.46 37.42 25.38 10.27 
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Frustum PointNets [7] 53.54 51.35 46.77 32.99 43.03 40.63 30.85 15.10 
IS-Fusion [13] 56.82 54.87 48.23 37.81 52.27 47.37 38.83 26.76 

MambaFusion [17] 58.06 55.48 49.62 43.59 53.62 48.84 40.94 31.53 
This work 63.43 58.01 54.45 48.74 61.23 54.06 49.47 41.36 

Note: Bold values indicate the best performance in each column. 

As shown in Table 5, the proposed method consistently outperforms all comparison 
methods across IoU thresholds ranging from 0.40 to 0.70. As the IoU criterion becomes 
stricter, the BEV mAP of the proposed method decreases from 63.43% at IoU = 0.40 to 
48.74% at IoU = 0.70, while the 3D mAP decreases from 61.23% to 41.36%. Nevertheless, 
the proposed method maintains the highest BEV and 3D mAP at all evaluated thresholds. 
These results demonstrate that the performance advantage of the proposed method is 
maintained under increasingly strict localization criteria and is not dependent on the spe-
cific choice of IoU = 0.40. 

As shown in Table 6, the ATE values of the proposed method in the 0–30 m, 30–60 
m, and 60–80 m ranges are 0.15 m, 0.27 m, and 0.41 m, respectively, all lower than those 
of the comparison methods. Within the 60–80 m range, the proposed method achieves a 
Recall of 86.47%, exceeding the best competing Recall obtained by Frustum PointNets by 
3.14 percentage points. Meanwhile, its ATE is reduced to 0.41 m, which is 0.12 m lower 
than that of MambaFusion, the strongest competing method in terms of long-range trans-
lation accuracy. These results indicate that the proposed method improves not only the 
center localization accuracy of matched objects at long ranges but also object detection 
coverage. This work reaches 27 FPS, which is second only to MVXNet (31 FPS) among the 
methods with available speed measurements and is substantially faster than IS-Fusion (12 
FPS) and MambaFusion (14 FPS), demonstrating a favorable balance among detection ac-
curacy, long-range stability, and real-time performance. 

Table 6. Comparison of inference speed, distance-wise Recall, and ATE across different models. 

Method FPS Recall 
(0–30 m) 

ATE 
(0–30 m) 

Recall 
(30–60 m) 

ATE 
(30–60 m) 

Recall 
(60–80 m) 

ATE 
(60–80 m) 

MSMDFusion [8] 26 67.86 0.43 64.32 0.51 53.33 0.77 
MVXNet [6] 31 81.67 0.42 80.28 0.44 67.86 0.69 

CenterPoint-Fusion [24] 25 77.83 0.41 75.00 0.48 64.29 0.79 
Frustum PointNets [7] N/A 92.86 0.29 86.38 0.28 83.33 0.71 

IS-Fusion [13] 12 88.29 0.22 84.73 0.31 78.84 0.57 
MambaFusion [17] 14 89.93 0.26 85.62 0.29 80.37 0.53 

This work 27 94.76 0.15 91.25 0.27 86.47 0.41 
Note: Bold values indicate the best performance in each column. 

To further evaluate the robustness of the proposed method under adverse environ-
mental conditions, test samples were manually grouped according to the presence of 
strong illumination with high-contrast shadows and dust. Strong illumination and shad-
ows were considered jointly because they frequently co-occur in open-pit mine scenes. As 
shown in Table 7, the proposed method achieves the highest BEV and 3D mAP under both 
challenging conditions. Compared with MambaFusion, the strongest multimodal baseline 
in this experiment, the proposed method improves BEV/3D mAP by 0.35/0.08 percentage 
points under strong illumination and shadows and by 2.03/2.49 percentage points under 
dusty conditions. The larger gains under dust suggest that the proposed shallow visual 
injection and LiDAR-driven subsequent processing are particularly beneficial when visual 
information is degraded. 
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Table 7. Robustness comparison under challenging environmental conditions. 

Method 
Strong Illumination & Shadows Dust 

BEV mAP@0.40 3D mAP@0.40 BEV mAP@0.40 3D mAP@0.40 
Voxel R-CNN [23] 42.57 41.87 37.19 35.22 

Frustum PointNets [7] 45.18 43.95 35.54 34.74 
IS-Fusion [13] 45.55 44.20 39.20 38.05 

MambaFusion [17] 45.90 44.35 40.35 39.24 
This work 46.25 44.43 42.38 41.73 

Note: Bold values indicate the best performance in each column. 

The detection performance of the proposed model on normal transportation roads in 
open-pit mines is illustrated in Figure 5. 

   

(a) 

   

(b) 

Figure 5. Visualization of the detection results of the model described in this paper. (a) Original 
Frame. (b) This work. In (b), green boxes denote the ground-truth bounding boxes, while red boxes 
denote the predicted bounding boxes. 

The medium-range (30–60 m) and long-range (60–80 m) object detection results are 
shown in Figure 6. As the object distance increases, the point cloud becomes progressively 
sparser, and the comparison model exhibits missed detections and localization errors. 
Through visual information supplementation and voxel importance enhancement, the 
proposed model preserves stronger responses to distant objects in these samples and pro-
duces more complete 3D bounding boxes. 
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(a) (b) (c) 

Figure 6. Comparison of Detection Results from Different Models in Medium- and Long-Range Sce-
narios. (a) Original Frame. (b) MambaFusion. (c) This work. In (b,c), green boxes denote the ground-
truth bounding boxes, while red boxes denote the predicted bounding boxes. 

3.2. Model Ablation Experiments 

To evaluate the effectiveness and statistical reliability of the proposed algorithms and 
their constituent mechanisms, Voxel R-CNN is used as the baseline. The main ablation 
experiments for MFS and IAQH are independently repeated three times using different 
random seeds, while the dataset split, training parameters, and evaluation settings are 
kept unchanged. The results are reported as the mean ± standard deviation. Since the 
main comparison experiments report results under a fixed-seed setting, slight numerical 
differences in the complete-model results are expected between the main comparison and 
the multi-run ablation experiments. Fine-grained ablation experiments are further per-
formed on the LFS propagation mechanism, VSI enhancement strategy, and VFE selection 
mechanism within MFS. In these experiments, when VFE is removed, LFS performs neigh-
borhood propagation for all non-empty voxels at the current scale. After VFE is intro-
duced, selective expansion is performed only for voxels with relatively high importance 
scores. The ablation results are presented in Tables 8 and 9. 

Table 8. Model ablation results over three independent runs (mean ± standard deviation). 

Baseline MFS IAQH BEV 
mAP@0.40 

3D  
mAP@0.40 

FPS ATE 
(0–60 m) 

ATE 
(60–80 m) 

√   54.15 ± 0.24 54.12 ± 0.22 34 0.31 ± 0.08 0.67 ± 0.15 
√ √  59.71 ± 0.33 55.39 ± 0.32 30 0.30 ± 0.11 0.61 ± 0.13 
√  √ 58.65 ± 0.29 60.32 ± 0.18 28 0.26 ± 0.04 0.46 ± 0.09 
√ √ √ 63.17 ± 0.45 61.52 ± 0.30 27 0.23 ± 0.09 0.39 ± 0.06 

Note: “√” indicates that the corresponding component is enabled in the model configuration. Bold 
values indicate the best performance in each column. 

As shown in Table 8, the baseline Voxel R-CNN achieves a BEV mAP@0.40 of 54.15 ± 0.24% and a 3D mAP@0.40 of 54.12 ± 0.22%. Introducing MFS increases the BEV mAP 
to 59.71 ± 0.33%, corresponding to an improvement of 5.56 percentage points, while the 
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3D mAP increases to 55.39 ± 0.32%. This result demonstrates that MFS effectively en-
hances the feature representation of sparse objects through visually assisted voxel im-
portance estimation and selective sparse propagation. In comparison, IAQH provides a 
more pronounced improvement in 3D detection, increasing the 3D mAP to 60.32 ± 
0.18%, an improvement of 6.20 percentage points over the baseline. Meanwhile, the ATE 
is reduced from 0.31 ± 0.08 m to 0.26 ± 0.04 m within 0–60 m and from 0.67 ± 0.15 m 
to 0.46 ± 0.09 m within 60–80 m, indicating that IAQH improves proposal localization 
quality, particularly for long-range objects. 

When MFS and IAQH are jointly incorporated, the complete model achieves the best 
overall performance, with a BEV mAP@0.40 of 63.17 ± 0.45% and a 3D mAP@0.40 of 61.52 ± 0.30%, representing improvements of 9.02 and 7.40 percentage points over the baseline, 
respectively. The ATE is further reduced to 0.23 ± 0.09 m within 0–60 m and 0.39 ± 0.06 
m within 60–80 m. Across the three independent runs, the standard deviations of BEV and 
3D mAP remain relatively small compared with the corresponding improvements over 
the baseline, indicating that the observed performance gains are consistently maintained 
across different random seeds. These results also demonstrate the complementary roles of 
MFS in sparse feature enhancement and IAQH in proposal localization and quality refine-
ment. 

To further investigate the contributions of the individual components within MFS, 
fine-grained ablation experiments are conducted on LFS, VSI, and VFE, as shown in Table 
9. 

Table 9. Fine-grained ablation experiments on MFS. 

Baseline LFS VSI VFE 
BEV 

mAP@0.40 
3D  

mAP@0.40 FPS 
ATE 

(0–60 m) 
ATE 

(60–80 m) 
√    54.34 54.25 34 0.32 0.63 
√ √   55.86 54.46 32 0.33 0.64 
√  √  57.23 54.88 32 0.32 0.61 
√ √ √  58.72 55.20 31 0.31 0.58 
√ √ √ √ 59.66 55.62 30 0.31 0.57 

Note: “√” indicates that the corresponding component is enabled in the model configuration. Bold 
values indicate the best performance in each column. 

As shown in Table 9, the improvement in detection accuracy is limited when LFS is 
used alone, and ATE increases slightly, indicating that unconstrained neighborhood prop-
agation may introduce background interference. After VSI is introduced, visual edge, con-
tour, and texture information supplements the semantic information of sparse point 
clouds. With the further introduction of VFE, the model selects expansion locations based 
on voxel importance prediction, allowing LFS propagation to focus on potential fore-
ground regions. The complete MFS achieves a BEV mAP of 59.66% and a 3D mAP of 
55.62%, demonstrating the complementary effects of LFS, VSI, and VFE. 

To further investigate the sensitivity of VFE to the voxel selection ratio and justify the 
default setting, additional experiments were conducted by varying the proportion of 
voxels selected for neighborhood propagation. The complete MFS configuration was re-
tained, while only the VFE selection ratio was changed. IAQH was excluded to isolate the 
effect of the VFE selection mechanism. BEV and 3D mAP are reported as mean ± stand-
ard deviation over three independent runs with different random seeds, whereas Recall, 
ATE, and FPS are reported under the fixed-seed controlled setting. The results are pre-
sented in Table 10. 
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Table 10. Ablation study on the VFE voxel selection ratio. 

VFE  
Selection Ratio BEV mAP@0.40 

3D  
mAP@0.40 

Recall  
(60–80 m) 

ATE  
(60–80 m) FPS 

25% 59.18 ± 0.31 55.34 ± 0.27 81.23 0.59 31 
50% 59.71 ± 0.33 55.39 ± 0.32 83.40 0.57 30 
75% 59.45 ± 0.37 55.51 ± 0.31 83.25 0.52 29 
100% 59.08 ± 0.41 55.29 ± 0.33 82.51 0.61 29 

As shown in Table 10, the detection performance first improves as the VFE voxel 
selection ratio increases from 25% to 50%, and then tends to saturate with only minor 
fluctuations at higher ratios. A relatively low selection ratio may restrict the propagation 
of potentially informative foreground features, resulting in a lower long-range Recall. In 
contrast, when the selection ratio is further increased, more low-importance voxels par-
ticipate in neighborhood propagation, which weakens the foreground selectivity of VFE 
and may introduce additional background responses and redundant feature propagation. 
Consequently, increasing the selection ratio beyond 50% does not lead to consistent im-
provements in BEV/3D mAP or long-range Recall, while the computational cost slightly 
increases. Although the 75% setting achieves the lowest ATE in the 60–80 m range, this 
improvement is not accompanied by consistent gains in the other detection metrics. There-
fore, considering detection accuracy, long-range Recall, and computational efficiency to-
gether, a VFE voxel selection ratio of 50% is adopted in the proposed model. 

To further investigate the contributions of the individual components within IAQH, 
component-wise ablation experiments are conducted on class-specific regression (CSR), 
class-conditional quality (CQ), and class-agnostic IoU quality (IoUQ). Since CQ relies on 
the class-specific refinement structure, its contribution is evaluated on top of CSR rather 
than independently. IoUQ is separately introduced on top of CSR to evaluate the effect of 
class-agnostic localization quality estimation. MFS is enabled for all configurations, with 
the VFE selection ratio fixed at 50%. The results are presented in Table 11. 

Table 11. Component-wise ablation study of IAQH. 

MFS CSR CQ IoUQ 
BEV 

mAP@0.40 
3D  

mAP@0.40 
Recall 

(60–80 m) 
ATE 

(60–80 m) FPS 

√    59.71 ± 0.33 55.39 ± 0.32 83.40 0.57 30 
√ √   60.65 ± 0.27 57.25 ± 0.27 82.92 0.58 29 
√ √ √  61.82 ± 0.36 58.38 ± 0.29 84.65 0.55 29 
√ √  √ 61.48 ± 0.14 58.92 ±0.28 85.23 0.51 28 
√ √ √ √ 63.17 ± 0.45 61.52 ± 0.30 86.47 0.41 27 

Note: “√” indicates that the corresponding component is enabled in the model configuration. Bold 
values indicate the best performance in each column. 

As shown in Table 11, introducing CSR increases the BEV mAP@0.40 from 59.71% to 
60.65% and the 3D mAP@0.40 from 55.39% to 57.25%, demonstrating that class-specific 
geometric modeling improves the overall 3D detection performance. Adding CQ on top 
of CSR further increases the BEV and 3D mAP to 61.82% and 58.38%, respectively, while 
the long-range Recall improves to 84.65%, indicating the benefit of class-conditioned pro-
posal quality estimation. When IoUQ is introduced on top of CSR, the 3D mAP reaches 
58.92%, accompanied by a higher long-range Recall of 85.23% and a lower ATE of 0.51 m, 
demonstrating the effectiveness of class-agnostic localization quality estimation for pro-
posal ranking. When CSR, CQ, and IoUQ are jointly incorporated, the complete IAQH 
achieves the best overall performance, with BEV mAP@0.40 and 3D mAP@0.40 reaching 
63.17% and 61.52%, respectively. Meanwhile, the long-range Recall increases to 86.47% 
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and the ATE decreases to 0.41 m. These results demonstrate that CSR, CQ, and IoUQ pro-
vide complementary benefits in class-specific geometric refinement, class-conditioned 
quality estimation, and localization-aware proposal ranking. 

4. Discussion 
In terms of class-specific results, the proposed method achieves the highest detection 

accuracy for seven of the eight object classes, with the exception of wide-body dump 
trucks. Particularly notable improvements are observed for pushdozers, tracked transport 
vehicles, excavators, and pedestrians, which typically exhibit sparse point clouds, weak 
local features, or substantial geometric differences. MFS uses shallow visual information 
to assist voxel importance estimation and strengthens potential foreground responses 
through FSConv, whereas IAQH improves bounding box geometry and ranking through 
class-specific regression and dual-quality probability calibration. For Wide-Truck, the 
proposed method achieves BEV AP@0.40 and 3D AP@0.40 values of 97.45% and 93.71%, 
respectively. Frustum PointNets achieves the highest AP for this category, while Mam-
baFusion also slightly exceeds the proposed method in 3D AP (94.07% vs. 93.71%). Nev-
ertheless, the proposed method achieves the best performance for the remaining seven 
categories, with particularly clear advantages for Pushdozer, Track, Excavator, and Pe-
destrian. 

To further investigate the limitations of the proposed model, Figure 7 presents sev-
eral failure cases, focusing on challenging scenarios involving small and weak objects. 

   

(a) 

   

(b) 

Figure 7. Failed Samples in Weak and Small Object Detection. (a) Original Frame. (b) This Work. In 
(b), green boxes denote the ground-truth bounding boxes, while red boxes denote the predicted 
bounding boxes. 

Among these failure cases, pedestrians, as typical small and weak objects, pose a sub-
stantial challenge to the detection task. Pedestrian objects contain only a very small num-
ber of LiDAR points, making it difficult to extract sufficient features. Neither the proposed 
model nor comparison methods such as MVXNet and Frustum PointNets can accurately 
identify the pedestrian class in these cases. The proposed model and some comparison 
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methods exhibit different degrees of missed detections and bounding box offsets, indicat-
ing that existing models still face substantial performance bottlenecks when extreme point 
cloud sparsity, interference from nearby objects, and environmental noise coexist. Future 
improvements may therefore focus on extremely sparse point cloud enhancement, sup-
pression of multi-object interference, and robust multimodal fusion under sensor degra-
dation. 

5. Conclusions 
This study proposes a Voxel R-CNN-based camera–LiDAR multimodal 3D object de-

tection method to address long-range point cloud sparsity, complex background interfer-
ence, and inconsistency between 3D proposal classification confidence and localization 
quality in intelligent driving scenarios in open-pit mines. The proposed Multimodal Focal 
Sparse Voxel Enhancement (MFS) algorithm improves sparse-object representation and 
suppresses irrelevant background expansion through voxel importance prediction, selec-
tive neighborhood propagation, and shallow visually conditioned enhancement. Further-
more, the proposed IoU-Aware Quality and Geometry Refinement Head (IAQH) per-
forms proposal quality estimation, class-specific geometric regression, and ranking cali-
bration. MFS and IAQH operate on first-stage feature enhancement and second-stage pro-
posal refinement, respectively, providing an effective approach to multimodal fusion and 
3D object detection in unstructured mining environments. 

Under conditions involving extremely sparse point clouds, severe occlusion, inter-
ference from nearby objects, and sensor degradation, the model still exhibits missed de-
tections and bounding box offsets. Future work will focus on feature enhancement for 
extremely sparse point clouds, suppression of multi-object interference, and robust mul-
timodal fusion under sensor degradation to further improve model stability and adapta-
bility in complex open-pit mine operating environments. 
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