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Abstract

Accurate reconstruction of 3D vehicle pose and shape from
monocular images is challenging, particularly for distant ob-
jects in autonomous driving. Existing methods often suffer
from geometric ambiguity in depth estimation and struc-
tural hollowness in shape recovery, primarily due to inad-
equate multi-scale feature aggregation and unflexible prior
modeling. To overcome these limitations, MonoVPR is pro-
posed, a novel framework integrating dynamic context adap-
tation and progressive geometry refinement. Specifically,
a Hierarchical Dual-Context Attention (HDCA) module is
introduced to resolve scale-dependent degradation through
gated cross-attention across multi-resolution feature maps,
dynamically fusing object-centric geometric cues with scene-
centric semantics. For shape refinement, the Bounded Itera-
tive Mesh Refiner (BIMR) progressively optimizes template-
guided deformations via multi-head attention and a tanh-
bounded correction loop, ensuring physically plausible re-
constructions. Extensive experiments on the ApolloCar3D
benchmark demonstrate MonoVPR achieves state-of-the-art
performance, showing exceptional capability in reconstruct-
ing geometrically consistent shapes and precise poses for
challenging long-range scenarios.

Introduction

Three-dimensional vehicle reconstruction (estimating 3D
pose and shape) is a fundamental task in computer vi-
sion, crucial for applications like autonomous driving by
providing perception for safe navigation, motion planning,
and comprehensive scene understanding. Although high-
precision 3D perception is successfully demonstrated using
active sensors such as LiDAR (Bai et al. 2022; Ercelik et al.
2022; Shi et al. 2020) or stereo camera systems (Li, Chen,
and Shen 2019; Sun et al. 2020), these solutions have draw-
backs: high hardware costs, operational limitations (e.g.,
sparse point clouds at long ranges), and complex calibra-
tion requirements. Consequently, the development of robust,
low-cost monocular methods that infer 3D structure from a
single RGB image is becoming an emerging and critical re-
search focus (Lu et al. 2021; Zhang, Lu, and Zhou 2021).
Recovering 3D information from a single 2D projection
is an inherently ill-posed inverse problem. A single im-
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Figure 1: The existing method often struggles with distant
objects. Its limitations stem from two principal shortcom-
ings: first, the failure to effectively integrate multi-scale vi-
sual cues undermines the robustness of pose estimation; sec-
ond, the inflexible single-pass deformation strategy leads to
geometrically implausible shape artifacts.. These challenges
motivate our work, MonoVPR, which is designed to tackle
them through dynamic context adaptation and progressive
geometry refinement.

age lacks explicit depth cues for unambiguous 3D loca-
tion, which means that any given 2D projection could cor-
respond to infinite possible 3D scenes (Liu et al. 2021).
MonoFlex (Zhang, Lu, and Zhou 2021) focuses on geom-
etry constraints between 2D and 3D. GSNet (Ke et al. 2020)
designs a PCA-based model for vehicle shape reconstruc-
tion. Recently, BAAM (Lee et al. 2023) uses a bi-contextual
attention module with an attention-guided modeling mecha-
nism, achieving notable performance by explicitly integrat-
ing inter-object relations and scene-level contextual cues.
However, current monocular 3D reconstruction methods ex-
hibit severe failure modes in challenging real-world settings,
struggling with cluttered scenes, significant articulations or
viewpoint changes, and distant objects that provide limited
visual cues.

As shown in Figure 1, the existing method typically ex-
tracts features and processes them through parallel branches,
employing separate streams that rely primarily on attention-
guided modeling to capture global context information. Nev-
ertheless, the absence of an effective strategy for integrating
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Figure 2: An overview of the proposed MonoVPR framework. MonoVPR first extracts an object-centric feature from 2D prim-
itives and a hierarchical scene context from the backbone’s feature pyramid using a GDA block. The framework then processes
this information through two specialized streams. HDCA fuses the object-centric and scene context features through parallel
inter-object and scene-object attention mechanisms to produce an enhanced representation for robust pose estimation. Con-
currently, BIMR progressively optimizes a 3D mesh by combining template-guided deformations with an iterative refinement
of vertex offsets. This dual-stream architecture enables the precise reconstruction of both 3D pose and shape for challenging

vehicle instances.

fine-grained local features restricts information flow across
scales, which in turn limits pose estimation accuracy. More-
over, recovering shape remains particularly difficult, as di-
rectly regressing mesh vertex coordinates from image fea-
tures is susceptible to prediction errors. When such inaccu-
racies are propagated in a single-step template deformation
using a shape prior model, they often introduce severe struc-
tural artifacts and compromise geometric consistency (Lee
et al. 2023). This inflexible paradigm fails to enable local-
ized corrections, frequently resulting in hollow and unreal-
istic reconstructions.

To address these challenges, this paper presents
MonoVPR, a novel framework that redefines the re-
construction pipeline through two dedicated components, as
illustrated in Figure 2. First, the Hierarchical Dual-Context
Attention (HDCA) module is designed to overcome limita-
tions in multi-scale feature integration. By employing gated
cross-attention across a feature pyramid, it enables dynamic
integration of object-centric geometric cues and scene-
centric semantic information, substantially improving pose
estimation accuracy. Second, to overcome the limitations of
single-step shape deformation, the Bounded Iterative Mesh
Refiner (BIMR) is developed. Built on a learnable template,
BIMR adopts a progressive refinement approach instead of
predicting a single imprecise transformation. It integrates
multi-head attention with a tanh-bounded correction loop
to implement a series of localized vertex adjustments. This
iterative optimization enhances topological inconsistencies,
eliminates structural hollowness and restores geometric
consistency in the reconstructed shape. The experimental re-
sults on the large-scale ApolloCar3D benchmark show that
MonoVPR significantly outperforms current state-of-the-art
methods in multiple key metrics. The main contributions
can be summarized as follows:
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¢ A novel end-to-end framework, termed MonoVPR, is
proposed to address the challenges of geometric ambi-
guity and structural hollowness by integrating dynamic
context adaptation with iterative geometry refinement.

e A Hierarchical Dual-Context Attention (HDCA) module
is designed to enhance scale-invariant features through
the dynamic fusion of object-level geometry and scene-
level semantics from multi-resolution maps.

¢ A Bounded Iterative Mesh Refiner (BIMR) module is
introduced to achieve physically plausible shapes by re-
placing single-step deformation with an iterative correc-
tion mechanism that constrains vertex displacements.

Related Work
Monocular 3D Pose and Shape Reconstruction

Early methods largely depend on strong geometric pri-
ors. DeepMANTA (Chabot et al. 2017) performs match-
ing against CAD libraries, while 3D-RCNN (Kundu, Li,
and Rehg 2018) leverages PCA-based shape subspaces.
Mono3D++ (He and Soatto 2019) further incorporates task-
specific constraints through an optimization framework. Al-
ternative strategies introduce intermediate representations,
such as the fusion of RGB and depth features in Rol-
10D (Manhardt, Kehl, and Gaidon 2019). Recently, context-
aware joint reasoning is adopted: GSNet (Ke et al. 2020) in-
troduces multi-way feature fusion, BAAM (Lee et al. 2023)
explores bi-contextual attention, and DAGM-Mono (Murhij
and Yudin 2024) utilizes deformable attention mechanisms.
Another line of work formulates the task as a genera-
tive problem (Zhang et al. 2021). MonoDiff (Ranasinghe,
Hegde, and Patel 2024) treats pose estimation as a reverse
diffusion process where parameters are iteratively refined
from noise conditioned on 2D image features. In contrast,



ZeroShape (Huang et al. 2024) reasserts the effectiveness of
regression-based approaches by jointly estimating depth and
camera intrinsics to form accurate visible surface represen-
tations, an idea extended by ZeroShape-W (Cho et al. 2025)
to handle in-the-wild images through explicit occluder mask
regression. Separately, Mono3R (Li et al. 2025) applies ro-
bust monocular geometric priors to enhance multi-view re-
construction, particularly in texture-scarce regions. Despite
these advances, existing methods remain challenged by in-
sufficient aggregation of multi-scale features and inflexible
shape prior modeling, resulting in persistent geometric am-
biguity and structurally incomplete shape recovery.

Monocular 3D Object Detection

Monocular 3D object detection aims to infer 3D proper-
ties from a single image. Depth-assisted approaches, such
as Pseudo-LiDAR (Wang et al. 2019) and DD3D (Park
et al. 2021), rely on intermediate depth representations. Oc-
cupancyM3D (Peng et al. 2024) adopts a related strategy
by incorporating sparse LiDAR supervision during training
to enhance voxel-based occupancy learning. Other meth-
ods, including MonoCD (Yan et al. 2024) and DP-M3D
(Shi et al. 2025), explore specialized transformer architec-
tures to improve the fusion of depth and image features.
To address fundamental geometric inaccuracies, MonoDGP
(Pu et al. 2025) introduces a geometry error prior for cor-
recting standard perspective projection. In Bird’s-Eye-View
(BEV) based techniques, TaDe (Zhao et al. 2024) decom-
poses the perspective-to-BEV transformation into two dis-
tinct stages, while UniMODE (Li et al. 2024) employs an
uneven BEV grid with increased resolution near the cam-
era to handle diverse object scales. ADD (Wu et al. 2023),
applies knowledge distillation to transfer geometric aware-
ness from a depth-aware teacher model without increasing
inference cost. Alternatively, generative formulations such
as MonoDiff (Ranasinghe, Hegde, and Patel 2024) treat 3D
detection as a reverse diffusion process, refining bounding
box parameters from 2D features using a Gaussian Mix-
ture Model. Monocular 3D pose and shape reconstruction
provides a more detailed geometric understanding of object
structure, complementing and enriching 3D bounding box
estimation.

Methods

Pipeline
The proposed MonoVPR framework is built upon a stan-
dard 2D object detector, such as Mask R-CNN (He et al.
2017). Initially, a hierarchical feature pyramid is generated
from an input RGB image using a Res2Net backbone (Gao
et al. 2019) integrated with BiFPN (Tan, Pang, and Le 2020).
Essential 2D primitives, including object detection, 2D key-
points, and their visibility scores, are then extracted for each
vehicle instance. These primitives are processed and unified
into a object-centric feature map, denoted as X,, which en-
codes the distinctive appearance and 2D spatial attributes of
each detected object.

The 3D vehicle representation is decomposed into paral-
lel streams for translation, rotation, and shape. The Hierar-
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Figure 3: The architecture of GDA, designed to generate
an enhanced scene-centric representation by processing fea-
tures through two complementary pathways. LDP is respon-
sible for capturing fine-grained spatial patterns, while GGP
extracts scale-invariant global statistics to emphasize salient
features.

chical Dual-Context Attention (HDCA) module is employed
for robust 3D translation estimation, where a comprehensive
scene context is formulated from the pyramidal features and
seamlessly fused with the object-centric features. For 3D ro-
tation, the parameters are directly regressed from the object-
centric feature vector through a sequence of three fully con-
nected layers. In parallel, the Bounded Iterative Mesh Re-
finer (BIMR) module is dedicated to shape recovery, where
a template mesh is first employed and then its vertex po-
sitions are updated through a bounded iterative process to
accurately capture fine-grained geometric details. Finally, a
precise 6-DoF pose alongside a geometrically coherent 3D
mesh is obtained for each vehicle instance.

Hierarchical Dual-Context Attention

Estimating 3D translation from a single image is inher-
ently ambiguous due to the depth-scale uncertainty. Exist-
ing approaches typically depend on spatially coarse feature
maps, which prove insufficient as they fail to preserve fine-
grained local information crucial for precise vehicle place-
ment (Peng et al. 2024). To address this issue, the Hierarchi-
cal Dual-Context Attention (HDCA) module is introduced,
which bridges this gap by formulating a multi-scale scene
context and integrating it with object-specific features. This
synergistic fusion produces a context-aware representation
that significantly mitigates depth ambiguity for robust trans-
lation estimation.

The hierarchical context formulation begins by integrat-
ing global semantic information from multiple levels of the
backbone’s feature pyramid. To ensure dimensional consis-
tency, higher-resolution feature maps are spatially down-
sampled to a uniform resolution via bilinear interpolation.
These aligned multi-scale features are then concatenated
along the channel dimension, synthesizing a comprehensive
feature representation that spans from local details to global
abstractions. A 1x 1 convolutional layer is subsequently ap-
plied to this concatenated representation to reduce channel
redundancy, resulting in fused feature map, denoted as Xp.
The feature map is then enhanced by the Gated Dual-path
Attention (GDA) block. To capture complementary infor-
mation, X is first transformed and flow into two parallel



streams X 1 and X 7. The feature map of the first stream X -,
processed by the Local Detail Path (LDP) through a convo-
lutional block, is focused on capturing fine-grained spatial
patterns, i.e., Xy pp = LDP(X}).

In parallel, the feature stream X% is modulated by the
Global Gated Path (GGP). A dynamic gating signal Ggqe
is generated through the integration of two global statisti-
cal descriptors: a spatial summary derived via max pooling
(z5) and the channel-wise variance (z,,) of the input features.
This signal is subsequently upsampled to match the original
feature dimensions and applied through element-wise mul-
tiplication to the feature stream X 2, thereby selectively em-
phasizing the most informative regions. The gating signal is
formally defined as:

Geate = Lyp(GELU(Convix1(a @ zs + S O xy))), (1)

where 7, denotes an upsampling interpolation operator that
restores the spatial resolution. GELU represents the Gaus-
sian Error Linear Unit activation function. The scalars o and
[ are learnable parameters introduced to apply a bounded
affine transformation to the input feature stream, providing a
stable and adaptable scaling mechanism. The feature repre-
sentation Xggp of GGP is obtained by applying the dynamic
gating signal to the input feature stream X2 via element-
wise multiplication, which can be written as:

Xaop = X7 © Gue- 2

The complementary feature representations generated by
the two parallel paths are first aggregated through summa-
tion. This combined feature is then processed by a final 1x 1
convolutional layer to produce a refined contextual represen-
tation X ;. = Convix1(Xvpp + Xaap)-

Following X7, dual-context attentive fusion is performed
through two complementary attention mechanisms. First,
the inter-object relation attention is applied, where spa-
tial dependencies among vehicle instances are modeled via
multi-head self-attention, yielding a relation-aware feature
Xie1. Second, the scene-object interaction attention is em-
ployed, utilizing a cross-attention mechanism to situate each
object within its environmental context. In this process, ob-
ject features serve as queries while the global context pro-
vides keys and values, producing a context-aware feature
Xcx. These two enriched features are integrated with the
original object features X, via residual connections, with
channel-wise adaptive weighting performed by learnable
scaling matrices A and A, yielding the final enhanced
representation X;:

Xt = Xo + )\rel © Xrel + >\ctx O] Xct)n (3)

where the original object features are augmented by the
weighted relation-aware and context-aware features.

Bounded Iterative Mesh Refiner

Detailed 3D shape reconstruction remains difficult, as con-
ventional single-step deformation approaches often produce
erroneous vertex offsets that lead to distorted and topologi-
cally unsound meshes with structural hollowness.The pro-
posed Bounded Iterative Mesh Refiner (BIMR) addresses
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Figure 4: The architecture of BIMR, which produces a high-
fidelity mesh using enhanced object-centric features via two
collaborative components. In parallel, the template-Based
shape generation component constructs a base mesh from
deformable priors, while the Iterative Offset Refinement
component applies bounded corrections to capture geomet-
ric details.

this by progressively optimizing an initial template shape.
A core component of this module is a tanh-bounded correc-
tion loop that applies a series of conditioned, stable vertex
updates. The risk of drastic geometric artifacts is thus pre-
vented, yielding physically plausible and coherent 3D vehi-
cle models.

BIMR is initiated by refining the object-centric features,
followed by the execution of two parallel shape prediction
pathways, and finalized through the integration of their re-
sults. As depicted in Figure 4, the object-centric features
X, are first processed by a series of Multi-Head Attention
(MHA) layers for enhancement. At each layer [, the object

feature X, é“ is employed as a query to interact with a set of

learnable shape-concept embeddings F, thereby generating
(

an improved feature X OZH) for subsequent processing:
X{*Y = LayerNorm(X Y + MHA(Q = XV,

K =E,V = E)). @

The resulting enriched feature X} drives two concurrent
shape estimation branches. In the first branch, template-
based shape generation is performed. Here, X} is mapped to
a set of weighting coefficients Wy, over a deformable shape
basis V. These coefficients are used to deform a canonical
template My, yielding a base mesh Mpyge:

Wy = Softmax(Linear(X)), 5)

Mbase = Ms + (WV : V) (6)

Simultaneously, the second branch conducts iterative oft-
set refinement to recover instance-specific geometry. A
coarse initial offset O(©) is first generated from X, then re-
fined over multiple steps. At iteration ¢, an adjustment term
AO® is predicted by a shared MLP block that incorporates
both the static feature X* and the preceding offset O~ . A
bounded update rule is applied to ensure numerical stability:

@)
®)

0 = MLP(X ),
AOW = MLP([xX;; 0"~ V]),



oM =0t 4L 05. tanh(AO(t)). )

The hyperbolic tangent activation tanh confines each coor-
dinate update to the range (—0.5, 0.5), preventing unrealistic
shape deviations. The outputs from both branches are com-
bined via learnable scalars w; and ws to produce the final
reconstructed mesh Mgpai:

Miina = w1 Mpgse + wa01), (10)

where T refers to the number of iterations. Through this
dual-branch architecture, the module effectively combines
template-driven shape priors with instance-wise geometric
adjustments, enabling high-fidelity and topologically sound
mesh reconstruction.

Loss Function

The loss formulation in MonoVPR follows BAAM (Lee
et al. 2023).The network is trained end-to-end using a multi-
task loss function that encompasses regression losses for
3D parameters, standard detection losses, and a 3D spatial
loss to ensure geometric consistency. Specifically, the re-
gression losses include translation loss Ly, rotation loss L.,
and shape loss Lgpape. The translation loss uses an L; norm
for XY-plane coordinates and an uncertainty-aware L; norm
for depth. The rotation loss is a cyclical L; loss handling
angle periodicity. The shape loss is the mean Lo distance
between the predicted and ground-truth mesh vertices. The
detection loss supervises the 2D object detection pretext task
and is a standard combination of losses from the underlying
Mask R-CNN (He et al. 2017) framework. Furthermore, the
3D spatial loss is employed to account for the crucial inter-
dependence of translation, rotation, and shape. This loss pe-
nalizes the mean vertex error between predicted and ground-
truth meshes across three disentangled coordinate spaces: a
rotation-only space, a translation-only space, and the final
world space. The total loss function is defined as a weighted
combination of multiple losses specific to the task:

Llotal = )\de+)\tLt+/\rLr+)\shapeLshape+)\3DL3D7 (1 1)

where Ly is the total loss, a weighted sum of the 2D detec-
tion loss Lq, translation loss L, rotation loss L., shape loss
Lhape, and the 3D spatial loss L3p, with each loss compo-
nent being scaled by its respective weight Mg, Ar, A, Ashape
and \3p.

Experiments
Dataset and Metric

The proposed framework is trained and evaluated on the
ApolloCar3D dataset, a publicly available dataset that pro-
vides each vehicle instance with an industry-grade, real-
scale 3D CAD model and dense semantic keypoints. This
dataset is particularly suitable for monocular vehicle pose
and shape reconstruction as precise 3D shape priors and
well-defined geometric constraints are provided through its
high-fidelity CAD models, while the dense keypoint annota-
tions enable effective supervision of structural details. Fol-
lowing previous methods (Lee et al. 2023), the dataset is
split into 4077 training and 200 validation images.
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The evaluation utilizes the instance 3D average precision
(A3DP) metrics from (Song et al. 2019), which employs 10
thresholds (criteria from loose to strict) to jointly measure
translation, rotation, and 3D car shape reconstruction accu-
racy. The results on the loose and strict criteria are denoted
as c-l and c-s, respectively. During evaluation, Euclidean
distance is used for 3D translation, while arccos distance is
used for 3D rotation. For 3D shape reconstruction, a pre-
dicted mesh is rendered into 100 views to compute the mean
IoU (mloU) with the ground truth masks. In addition to the
absolute distance error, the relative error in translation is also
evaluated to emphasize model performance on nearby cars,
which are more critical for autonomous driving. The A3DP
metrics evaluate in their relative and absolute versions are
denoted as A3DP-Rel and A3DP-Abs, respectively.

Implementation Details

The model is constructed based on the Mask R-CNN frame-
work and employs a two-stage training strategy. The first
stage is consistent with BAAM (Lee et al. 2023), utilizing
a pre-trained model from BAAM to establish a robust 2D
perception foundation. The second stage involves end-to-
end fine-tuning with a complete multi-task objective func-
tion. The weights are set to Ay = 1.0, A\ = 0.5, A, = 1.0,
Ashape = 3.0, and A3p = 0.01, same as BAAM. Shape loss is
given the highest weight to prioritize the generation of high-
fidelity geometric structures. The model uses the AdamW
optimizer with a global batch size of 4. The learning rate is
initialized at 1 x 10~ and is decayed to 1 x 105 for the final
10 epochs. All experiments are performed on two NVIDIA
RTX A6000 GPUs.

Comparison with State-of-the-Art Approaches

A comprehensive quantitative evaluation of MonoVPR is
conducted on the ApolloCar3D dataset, comparing its per-
formance against multiple state-of-the-art methods, includ-
ing DeepMANTA (Chabot et al. 2017), Keypoints-based
(Song et al. 2019), 3D-RCNN (Kundu, Li, and Rehg 2018),
Directed-based (Song et al. 2019), GSNet (Ke et al. 2020),
and BAAM (Lee et al. 2023).

To ensure a fair comparison, the BAAM baseline is re-
implemented and evaluated under identical experimental
conditions. As summarized in Table 1, MonoVPR consis-
tently surpasses all compared approaches, including the re-
implemented BAAM{. Specifically, the A3DP-Abs mean
score is improved from 24.20 to 25.60, while the A3DP-
Rel mean increases from 21.93 to 23.26. These results
demonstrate the effectiveness and superiority of the pro-
posed framework.

Ablation Study

Incremental Integration of Modules Table 2 shows the
incremental gains over the baseline. The BIMR module fur-
ther improves performance by iteratively refining vertices,
boosting A3DP-Abs by 3.6% and A3DP-Rel by 5.7% over
the baseline. The combined HDCA+BIMR model achieves
the best results, with total gains of 5.8% (A3DP-Abs) and
6.1% (A3DP-Rel), validating the approach for improving
pose and shape reconstruction.



Method Detailed shape A3DP-Abs A3DP-Rel
mean c-1 c-s mean c-1 c-S

DEEPMETA X 20.10 30.69 23.76 16.04 23776 19.80
Keypoints-based X 2040 31.68 2475 16.53 24775 19.80
3D-RCNN v 16.44 29.70 19.80 10.79 17.82 11.88
Directed-based v 15.15 2871 1782 1149 17.82 11.88
GSNet v 1891 3742 1836 20.21 4050 19.85
BAAM(reported) v 25.19 4731 23.13 2285 4621 20.31
BAAM7T v 2420 4582 2267 2193 4497 19.27
MonoPVR(Ours) v 25.60 48.66 2442 2326 46.66 20.73

Table 1: Comparison with the SOTA methods on the ApolloCar3D dataset. (1) means reproduced.

Method A3DP-Abs A3DP-Rel
mean c-l c-s mean c-l c-S
Baseline 2420 45.82 22.67 21.93 4497 19.27
+HDCA 24.72 46.88 23.07 22.88 46.82 19.77
+BIMR 25.06 47.03 23.01 23.18 46.19 20.47

+HDCA+BIMR 25.60 48.66 24.42 23.26 46.66 20.73

Table 2: Results on ApolloCar3D with different combina-
tions of MonoVPR.

Method A3DP-Abs A3DP-Rel
mean c-1 c-s  mean c-1 c-s
Baseline 2420 45.82 22.67 2193 4497 19.27
BIMR(t=1) 25.35 47.84 2327 2321 46.55 19.89
BIMR(t=2) 25.20 47.08 2398 23.08 46.06 20.37
BIMR(t=3) 25.60 48.66 24.42 23.26 46.66 20.73
BIMR(t=4) 25.22 4645 2428 23.12 46.57 20.12

Table 3: Results on ApolloCar3D with different iteration
times of BIMR components.

Optimal Iteration Count for BIMR Table 3 shows the
ablation study on the number of iterative loops for BIMR.
Performance peaks at three iterations, corresponding to a fa-
vorable trade-off for detailed shape recovery. Four iterations
lead to performance degradation and begin to compromise
the refined geometry.

Figure 5 visualizes the iterative refinement process. The
initial step (Iter. 1) corrects global inaccuracies, while subse-
quent steps (Iter. 2, Iter. 3) focus refinement on intricate sur-
faces for detailed tuning. This tanh-bounded correction pro-
cess visually confirms the module’s ability to resolve topo-
logical artifacts and achieve physically plausible geometry.

Gated Dual-Path Attention in HDCA As shown in Ta-
ble 4, the ablation study validates the necessity of the GDA’s
dual-branch design. The full model (HDCA+GDA) achieves
the best performance, while using only LDP or GGP individ-
ually results in performance degradation. This confirms that
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Figure 5: Qualitative analysis of the progressive refinement
process in the BIMR module. The three subplots depict the
cumulative error reduction of the vehicle mesh after one,
two, and three iterations, respectively, with each bench-
marked against the initial coarse prediction. The color of
each vertex corresponds to the magnitude of its error reduc-
tion, where brighter tones progressing towards yellow de-
note a greater degree of geometric correction.

robust pose estimation requires the synergy of both local fi-
delity from LDP and global awareness from GGP.

Performance Comparison at Various Scales Quantita-
tive analysis in Table 5 validates the effect of HDCA in re-
solving scale-dependent degradation. MonoVPR surpasses
the baseline BAAM across all metrics, with the most pro-
nounced improvement for challenging distant ‘S’ objects.
This is because the HDCA module fuses scene semantics
with object cues, compensating for sparse features to enable
more precise 3D inference.

A3DP-Abs
mean

HDCA(w/o GDA) 25.41 47.88 23.85 23.01 45.85 20.63
HDCA+LDP  24.19 46.50 22.27 21.92 45.22 18.64
HDCA+GCP  25.05 47.45 23.50 22.90 46.51 19.53
HDCA+GDA  25.60 48.66 24.42 23.26 46.66 20.73

A3DP-Rel

mean

Method

c-1 c-s c-1 c-s

Table 4: Results on ApolloCar3D with different attentions
of HDCA.



Figure 6: Qualitative comparison results of the proposed method with BAAM on the ApolloCar3D dataset.

Scale | RE(deg)| | TE(m)| | mloU 1
'B M | B M| B M
All 6.24 6.01 | 1.28 1.27 | 89.01 89.43
S 964 815 | 1.61 1.58 | 8599 87.62
M 745 699 | 1.52 1.50 | 89.05 88.86
L 545 538 | 1.14 113 | 89.71 89.82

Table 5: The performance comparison between BAAM (B)
and MonoVPR (M). ‘All’ denotes the overall average perfor-
mance calculated across all distance scales. ‘RE’ and ‘TE’
stand for rotation error and translation error. ‘S’, ‘M’ and
‘L’ stand for small(d > 50m), medium(20m < d < 50m)
and large(d < 20m). ‘d’ stands for distances.

Model GPU Memory (G)  Params (M)
BAAM 10.22 130.99
MonoVPR 11.51 131.16

Table 6: Computational Comparison.

Computational Comparison Computational efficiency is
further analyzed in Table 6. The overall framework intro-
duces minimal overhead relative to the baseline, with total
model parameters increasing marginally from 130.99M to
131.16M and GPU memory usage rising from 10.22G to
11.51G. The BIMR module contains only 0.93M parameters
and consuming 0.78G of GPU memory. This modest compu-
tational cost is well justified by a performance improvement
on key metrics, demonstrating a favorable trade-off between
accuracy and efficiency for robust vehicle reconstruction in
autonomous driving applications.

Analysis of Shape Fusion Weights Table 7 shows that
learnable fusion weights outperform fixed weights on nearly
all key metrics. This confirms that dynamically balancing
the two shape components (Mp,se and O(T)) is crucial for
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accurate reconstruction.

A3DP-Abs

c-1

A3DP-Rel

c-1

Method

mean

Fixed weights  25.04 46.91 23.11 23.20 46.81 20.25
Learnable weights 25.60 48.66 24.42 23.26 46.66 20.73

C-S mean C-S

Table 7: Ablation study on the shape fusion weights in
BIMR. The table compares ‘Fixed weights’ (where w; =
wy = 1) against ‘Learnable weights’ (where w;, wo are op-
timized end-to-end).

Qualitative Analysis

As depicted in Figure 6, qualitative comparison on Apollo-
Car3D visually validates MonoVPR achieves accurate pose
estimation via HDCA’s dynamic fusion of scene and object
cues, and eliminates hollowness via BIMR’s progressive,
bounded correction, producing coherent meshes. This syn-
ergy of context adaptation and geometry refinement over-
comes prior limitations.

Conclusion

This paper presents MonoVPR, a framework for monocu-
lar 3D vehicle pose and shape reconstruction that mitigates
geometric ambiguity and structural hollowness through dy-
namic context adaptation and iterative mesh refinement.
The HDCA module mitigates scale-dependent degradation
by integrating multi-scale object geometry and scene se-
mantics. The BIMR module enhances shape recovery by
progressively optimizing template deformations via multi-
head attention and a bounded correction mechanism, yield-
ing realistic reconstructions. Experiments on ApolloCar3D
show SOTA performance, especially for long-range scenar-
ios. However, several limitations remain, including a two-
stage pipeline dependent on external 2D detectors. Future
work includes developing an end-to-end framework and in-
vestigating domain adaptation for illumination robustness.
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