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Abstract : Monocular 3D object detection faces particular challenges with vulnerable road users (VRUs) due to their small
scale, frequent occlusions, and unreliable long-range depth cues. The depth-guided transformer was enhanced to better model
VRU geometry. First, projection-based geometric depth is treated as an independent prior while a geometry-error residual is
learned, which stabilizes optimization for distant VRUs. Second, we decouple the 2D and 3D heads so the 2D head handles
detection and query initialization, while the 3D head concentrates on depth, center, size, and orientation, thereby reducing
gradient interference. Third, we introduce query-adaptive gated depth cross-attention to selectively utilize depth features and
suppress ambiguous cues in difficult cases. We reinforce region conditioning through an upgraded region segmentation head
module that incorporates learnable multi-scale fusion, channel-spatial attention, and residual gating. Experiments on the
KITTI test set demonstrate consistent gains for cars, pedestrians, and cyclists across all difficulty splits.
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1. Introduction

Monocular 3D object detection is a critical enabling
technology for vision-based perception in autonomous
driving and advanced driver assistance systems. It offers a
cost-effective alternative to expensive 3D sensors.'
Unlike LiDAR-based approaches, monocular methods®®
must infer 3D structure from a single RGB image with
camera intrinsics, introducing ambiguity in depth
estimation, scale recovery, and occlusion reasoning.
Recently, transformer-based detectors’ ') have advanced
the field by jointly modeling appearance and geometry
through end-to-end query-based frameworks. Represen-
tative methods such as MonoDETR'? and MonoDGP™

demonstrate that depth-guided transformers can effectively
exploit geometric priors and learned depth features for
monocular 3D detection.

Despite progress, performance is fragile for vulnerable
road users(VRUs) like pedestrians and cyclists. Cars

dominate training, allowing geometric priors and depth
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supervision to be learned primarily from car-rich regimes.
In contrast, VRUs are sparsely observed beyond medium
range, exposing the model to limited depth variation during
training. Under this bias, directly enforcing depth-related
losses can overfit to car-dominant statistics and impose
overly rigid constraints that don't generalize well to distant
or partially occluded VRUs. Moreover, coupling 2D object
detection and 3D regression within shared prediction heads
may restrict task specialization. Consequently, improve-
ments aimed at challenging cases (VR Us, far-range objects)
are often limited.

Building upon MonoDGP, we introduce the following
key contributions:

* We treat projection-based geometric depth as a
detached prior and supervise a leamable geometry-error
residual, stabilizing optimization and improving robustness
for distant objects and VRUs.

* We decouple the 2D and 3D heads so that 2D focuses
on detection and query initialization, while 3D specializes

in depth, center, size, and orientation regression. This
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design reduces optimization interference between image-
plane perception and 3D geometric reasoning, and provides
a more suitable feature basis for subsequent depth-aware
fusion.

* We introduce a gated depth cross-attention module in
the 3D decoder, enabling per-query modulation of depth
feature contribution—down-weighting unreliable cues in
hard/long-range cases while exploiting strong depth
evidence when available.

* We upgrade the region enhancement module with
learnable multi-scale fusion, channel-spatial attention, and
residual gating to preserve informative features and provide
more stable depth-conditioned representations, benefiting
VRU detection across difficulty levels.

2. Related Works

Transformer based 3D Object Detection: Transformer
based detectors have revolutionized object detection by
enabling end-to-end set prediction without the need for
dense proposal generation or heuristic post-processing. The
seminal work introduced DETR,'® which predicts a fixed-
size set of objects using a transformer encoder—decoder
with learned object queries. By replacing anchor design and
non-maximum suppression with bipartite matching, DETR
provides a clean optimization objective and produces
object-cenfric representations that are iteratively refined
through
particularly attractive for monocular 3D object detection, as

attention. This query-centric paradigm is
it naturally supports object-level reasoning and facilitates
the fusion of heterogeneous cues via cross-attention.
Inspired by DETR, early transformer based monocular
3D detectors adopt query-based reasoning to regress 3D
parameters in an end-to-end manner. MonoDETR further
strengthens this by explicitly integrating depth guidance
into the transformer pipeline. It uses a depth prediction
module to provide depth-aware embeddings fused with
visual features, aligning object queries with 3D structure
and reducing ambiguities from similar 2D evidence. This
improves robustness under viewpoint variations and partial
occlusions by providing additional geometric constraints.
MonoDGP (Fig. 1) extends depth-guided transformer
detection with two notable ideas: decoupled query
reasoning and geometry-aware depth modeling. Instead of
a single decoder jointly handling image-plane detection and
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3D inference, MonoDGP first forms 2D hypotheses then
refines them for 3D localization using depth cues. This
staged design promotes specialization—appearance-based
localization in the 2D branch and metric reasoning under
depth uncertainty in the 3D branch. Moreover, MonoDGP
explicitty models depth using a pinhole-camera
formulation and object statistics, introducing a learnable
residual term with uncertainty-aware supervision to correct
systematic geometric bias.

However, several issues continue to hinder robust
performance on long-range objects and VRUs. First,
geometric depth signals are often tightly coupled with 2D
box geometry and 3D size priors, such that depth-related
supervision may inadvertently reshape dimensions or
influence object scale during optimization, which can
destabilize training and amplify car-dominant biases in
imbalanced datasets. Second, even when 2D and 3D
reasoning are decoupled, partially shared prediction
can still

components entangle gradients,

specialization for small and distant VRUs. Third, depth

limiting

features are typically injected uniformly, despite varying
reliability; noisy depth cues for far-range VRUs may
mislead the decoder and reduce gains on Hard settings.
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Fig. 1 Overview of the MonoDGP architecture
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3. Methodology

Building upon the foundational MonoDGP pipeline, we
introduce a stable, selective, and geometry-aware depth
guidance mechanism. This enhancement directly tackles
the critical challenge of unreliable depth cues in monocular
3D object detection.

3.1 Overall Architecture

Given an input image I of size (H, W), a CNN backbone
extracts multi-scale visual features F;. In parallel, a depth
predictor produces depth-related representations to guide
3D reasoning. Unlike the original MonoDGP, we
strengthen this guidance with an enhanced region
segmentation head that performs leamable multi-scale
fusion, channel-spatial attention, and residual-gated feature
enhancement. This design highlights object-relevant
regions while avoiding over-suppression when the region
confidence is uncertain, thereby providing more stable
depth-conditioned cues. The refined depth representations
are then encoded by a depth encoder into multi-scale depth
embeddings.

3.2 Enhanced Region Segmentation Module
MonoDGP employs a Region Segmentation Module
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(RSM) to estimate target-region probabilities from multi-
scale features and enhance depth-related representations by
suppressing background responses. Although effective, the
original RSM relies on a fixed top-down fusion strategy and
direct multiplicative gating, which may allow noisy high-
level responses to dominate feature aggregation, lack
sufficient spatial selectivity in cluftered street scenes, and
over-suppress informative features when the predicted
region probability is uncertain. These limitations are
particularly detrimental to small and long-range VRUs,
whose visual evidence is weak and easily overwhelmed by
background structures.

To address these issues, we propose an Enhanced Region
Segmentation Module (E-RSM), which improves the
original RSM through three targeted upgrades: learnable
weighted fusion, channel-spatial attention, and residual
gated enhancement. The goal is to obtain more stable
region-aware features while preserving weak but

informative cues for downstream monocular 3D detection.

3.2.1 Learnable Weighted Multi-scale Fusion

In the original RSM, the current-level feature and the
upsampled higher-level feature are fused with fixed equal
weighting. Such a design is simple but may cause
overconfident semantic responses from high-level features
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Fig. 2 Overview of our optimized MonoDGP framework. The model comprises multi-scale feature extraction, a decoupled
2D/3D transformer pipeline with depth guidance, and task-specific prediction heads
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to dominate lower-level representations, especially when
the target object is small, distant, or partially occluded.

To alleviate this issue, E-RSM introduces learnable
fusion weights for each top-down connection. This allows
the network to adaptively balance coarse semantic context
and fine spatial details according to the input feature
characteristics. As a result, the fusion process becomes less
sensitive to noisy high-level activations and more capable
of preserving weak object evidence, which is particularly
important for VRUs under challenging street-scene

conditions.

3.2.2 Channel + Spatial Attention Refinement

After multi-scale fusion, E-RSM applies a two-stage att
ention refinement consisting of channel attention followed
by spatial attention. The channel attention stage reweights
feature channels according to their importance, while the s
patial attention stage emphasizes target-aligned regions an
d suppresses background-dominant responses.

This refinement is particularly useful in urban scenes, w
here road markings, fences, poles, and building edges ofte
n produce strong but misleading activations. By explicitly
modeling both what to emphasize and where to emphasize
it, E-RSM improves region selectivity and helps the detect
or focus on object-supportive areas rather than structured b
ackground clutter. This is especially beneficial for small-sc
ale pedestrians and cyclists.

3.2.3 Residual Gated Enhancement

The original RSM enhances features through direct mult
iplicative modulation (feature  probability). Although intu
itive, this strategy can unintentionally suppress useful infor
mation when the predicted region probability is uncertain,
which is common for distant or weakly visible objects.

To improve robustness, E-RSM replaces direct multiplic
ation with a residual gated enhancement scheme. Instead o
f using the probability map to overwrite the original featur
e response, the original feature is preserved as a stable bas
e representation, while the region probability provides an a
dditional enhancement term. In this way, confident target r
egions are strengthened, but informative features are not e
xcessively attenuated when the region confidence is low.

This residual-style design makes the feature enhanceme
nt process less brittle and provides the downstream transfo
rmer with more stable region-aware representations, thereb
y reducing missed detections caused by overly aggressive
suppression.

3.3 Detached Geometric Depth Prior

We introduce the Geometric Depth Prior module to
enable consistent  depth
Leveraging the pinhole camera model, this module

geometrically estimation.
computes a geometric depth proxy, Zgeo, exploiting the
correlation between an object's physical dimensions and its

projected size. The formulation is defined as:

Zyo = 2 M
where f is the focal length, Hyp, is the predicted 3D physic
al height, and h pp,, is the height of the 2D bounding box
(clamped for numerical stability).

Crucially, we apply a stop-gradient operation on inputs
Hgp and h p,,before computation. This decouples depth
estimation from the dimension regression task, ensuring
that Zg,, serves as a stable reference signal without
interference from the height branch's learning. By
preventing backpropagation of gradients through this

geometric path, we improve overall training stability.
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Fig. 3 Simplified overview of the enhanced Region Segmentation Module (E-RSM)
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3.4 Decoupled 2D 3D Prediction Heads

To reduce feature interference between 2D perceptual
tasks and 3D geometric reasoning, we adopt a decoupled
task head architecture. Unlike shared-head designs,
separate projection layers are employed for different query
stages. The 2D head processes @, from the 2D decoder to
produce classification scores and normalized 2D boxes,
while the 3D head processes Q5 from the 3D decoder to
regress 3D centers, dimensions, depths, and orientations.
This structural separation encourages task-specific
representation leaming for image-plane detection and 3D
geometry estimation, alleviates optimization conflict, and
provides a cleaner feature basis for the subsequent depth-

guided fusion module.

3.5 Adaptive Depth-Gated Fusion

To improve the incorporation of geometric information
within the 3D decoder, we infroduce an Adaptive Depth-
Gated Mechanism inside the Depth Aware Decoder Layer.
In conventional Transformer designs, depth features
obtained via cross-attention are usually fused directly into
object queries through residual addition. However, not all
depth tokens provide accurate or pertinent cues for every
object query. To address this, we implement a learnable
gating module to regulate feature injections. Let Q denote
the current object query and Fggpe, denote the depth
features extracted via cross-attention. We compute a
modulation gate G € (0,1) using a lightweight Multi-
Layer Perceptron applied to Q:

G = a(MLP(Q)) )

where o is the Sigmoid activation function, ensuring the
gate values are between 0 and 1. This gate has the same
dimensionality as the query, enabling fine-grained,
channel-wise control. The depth information is then fused

back into the query stream via a gated residual connection:
Q' = LayerNorm(Q + Dropout(G © Faepsn)) (3)

By using element-wise multiplication, the network can
adaptively amplify high-confidence geometric cues while
suppressing noise or imrelevant depth information for

specific queries, stabilizing the 3D reasoning process.
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4. Experiments

4.1 Dataset and Evaluation Metrics

We evaluate our method on the widely used KITTI*¥ 3D
object detection benchmark. The dataset contains 7,481
training images and 7,518 test images, covering three
categories (Car, Pedestrian, and Cyclist) and three difficulty
levels (Easy, Moderate, and Hard). Following common
practice,'® we split the 7,481 training images into 3,712
images for training and 3,769 images for validation to
conduct ablation studies and model selection.

We report detection performance using the official
KITTI protocol'” with average precision computed at 40
recall positions (AP|r40). For Cars, APsp is evaluated at [oU
= 0.7, while Pedestrian and Cyclist are evaluated at [oU =
0.5. Unless stated otherwise, all models are trained using
the same settings as the MonoDGP baseline to ensure fair

comparison.

4.1.1 Main Result

Table 1 summarizes the KITTI test-set results for Car,
Pedestrian, and Cyclist. Compared with MonoDGP, our
method achieves consistent improvements across all three
categories, with particularly strong gains on VR Us. For the
Car category, our approach improves MonoDGP from
26.35/18.72/15.97 to 26.74/18.96/16.26 on Easy/Mod./
Hard, corresponding to +0.41/+0.24/4-0.29 APsp.

More importantly, our method yields substantial
improvements for VRUs, which are more sensitive to depth
noise and long-range ambiguity. For Pedestrian, we
improve MonoDGP from 15.04/9.89/8.38 to 16.96/10.90/
9.36, achieving +1.92/+1.01/+0.98 gains on Easy/
Moderate/Hard. For Cyclist, our method improves from
5.28/2.82/2.65 to 8.35/4.80/3.66, yielding even larger gains
of +3.07/ +1.98/+1.01. These results indicate that our
geometry-stabilized depth supervision and query-adaptive
depth usage substantially reduce depth-induced errors for
small and distant VRUs.

Table 2 further confirms these trends on the KITTI
validation split. Relative to MonoDGP, our method
improves Car to 22.55 / 19.55 on Moderate / Hard (from
22.34 / 19.02), and yields clear gains for VRUs, raising
Pedestrian from 10.06 to 11.56 and Cyclist from 6.61 to
7.66 on the Moderate setting. While Car Easy slightly drops
(30.76 — 30.13), the

overall improvements on
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Table 1 The AP|rao scores on the KITTI test set for 3D object detection in the Car, Pedestrian, and Cyclist categories. Bold
text indicates the best results for each category, while underlined text represents the second-best results. Red
highlights indicate improvements versus MonoDGP

Car, APsp@I10U=0.7 Pedestrian, AP:p@IOU=0.5 Cyclist, AP;p@IOU=0.5
Methods Extra data

Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
MonoRUn'® 19.65 12.30 1058 11.18 6.53 5.73 0.69 0.55 0.42
CaDDN'? LiDAR 19.17 13.41 11.46 12.87 8.14 6.76 7.00 3.41 3.30
MonoDTR? 21.99 15.39 12.73 15.33 10.18 8.61 5.05 3.27 3.19
D4LCN20 16.65 i s 9.51 4.55 3.42 2.83 245 1.67 1.36
DDMP2D Deps 19.71 12.78 9.80 4.93 3.55 3.01 4.18 2.50 2.32
MonoPair?? 13.04 9.99 8.65 10.02 6.68 5.53 3.79 2.12 1.83
M3DSSD? 17.51 11.46 8.98 5.16 3.87 3.08 2.10 1.51 1.58
MonoDLE®) 17.23 12.26 10.29 9.64 6.55 5.44 4.59 2.66 2.45
MonoFlex*® None 19.94 13.89 12.07 9.43 6.31 5.26 4.17 2.35 2.04
DEVIANT® 21.88 14.46 11.89 13.43 8.65 7.69 5.05 3.13 2.59
MonoDETR 25.00 16.47 13.58 12.54 7.89 6.65 1.33 4.18 2.92
MonoDGP 26.35 18.72 15.97 15.04 9.89 8.38 5.28 2.82 2.65
Ours Notié 26.74 18.96 16.26 16.96 10.90 9.36 8.35 4.80 3.66
Improvement +0.41 +0.24 +0.29 +1.92 +1.01 +0.98 +3.07 +1.98 +1.01

Table 2 AP|rso scores on the KITTI validation set for 3D object detection in the Car, Pedestrian and Cyclist categories

Car, APap@I0U=0.7 Pedestrian, AP3p@IOU=0.5 Cyeclist, AP3p@IOU=0.5
Methods Extra data
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard
D4LCN™ - 26.97 21.71 18.22 12.95 11.23 11.05 5.85 441 4.14
epth
DDMP2D ¥ 28.12 20.39 16.34 14.42 12.11 12.05 8.01 6.47 6.27
DID-M3D* 22.98 16.12 14.03 7.27 5.87 4.89 5.54 2.59 2.49
GUPNet™® = 22.76 16.46 13.72 9.37 6.84 573 4.41 2.17 2.03
one
DEVIANT 24.63 16.54 14.52 9.85 7.18 542 4.05 220 2.14
MonoDGP 30.76 22.34 19.02 13.77 10.06 7.96 1221 6.61 5.95
Ours None 30.13 22.55 19.55 15.15 11.56 9.10 15.53 7.66 7.22
Improvement © -0.63 +0.21 +0.53 +1.38 +1.50 +1.14 +3.32 +1.05 +1.27

Moderate/Hard and on VRU categories suggest that the
proposed depth guidance is particularly effective in
challenging scenarios where depth cues are less reliable and

small-object geometry is harder to recover.

4.1.2 Multi-seed Robustness Analysis

To examine whether the previously observed -0.63 drop
on Car Easy in a single run reflects a structural side effect
of the proposed modules or merely random initialization
variance, we further conducted a multi-seed robustness
analysis using five random seeds: 42, 444, 1024, 2024, and
3407. Among them, 444 corresponds to the fixed random

seed adopted in the original MonoDGP implementation.
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The results are summarized in Table 3. On car APsp, the
baseline MonoDGP achieves 29.10 £ 0.34 / 21.17 £ 0.46 /
18.19 = 0.56 on Easy / Moderate / Hard, respectively,
whereas the proposed method achieves29.24 + 1.07/21.57
+ 0.58 / 18.74 = 0.54. Therefore, the previously observed
single-run drop on car easy is not consistently reproduced
under multiple random seeds. After averaging across seeds,
the proposed method shows a slight improvement on Easy
(10.14) and clearer gains on Moderate (+0.39) and Hard
(+0.55).

A paired seed-wise comparison further supports this
observation. Relative to MonoDGP, the proposed method

improves 3/5 runs on Easy and 4/5 runs on both Moderate
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Table 3 Multi-seed robustness analysis of MonoDGP and
the proposed method on the KITTI validation set

Table 4 Ablation on different components

Mod. APip
Car. AP:p, @IOU=0.7 Methods Car, Pedestrian Cyclist
Methods |  Seed Fasy Mod. Hard @I0U=0.7 | @1ou=0.5 | @ou=0.5
42 29.12 20.52 17.30 Baseline 21.24 9.57 5.94
444 29.62 21.33 18.33 Baseline+DDP 21.52 9.40 7.62
Baseline 1024 28.93 2133 18.31 Baseline+DDP 2078 1032 6.60
2024 28.70 20.96 18.17 +DPH
3407 29.12 21.73 18.83 Baseline+DDP
21.65 10.82 8.94
42 27.62 21.06 18.29 +DPH+ADG
444 30.13 22.55 19.55 Baseline+DDP
Qurs 1024 29.88 21.40 18.38 +ADG+E-RSM 2121 10.61 8.43
2024 29.69 21.24 19.02 Baseline+DDP
3407 29.89 21.59 18.45 +DPH+ADGH+E-RSM 4235 H, 36 48

and Hard. The remaining decreases are limited to a few
cases and are small in magnitude, indicating that the earlier
Easy drop is better interpreted as seed-dependent variance
rather than a systematic structural drawback of the
proposed design.

Overall, these results demonstrate that the proposed mo
dules do not introduce a consistent negative effect on car e
asy, while providing more stable improvements on the mo

re challenging Moderate and Hard subsets.

4.2 Ablation Study

4.2.1 Ablation on Different Components

We conduct an ablation study on the KITTI validation set
using Moderate AP3D for Car, Pedestrian, and Cyclist, as
summarized in Table 4. Here, DDP denotes the detached
geometric depth prior, DPH denotes the decoupled 2D/3D
prediction heads, ADG denotes adaptive depth-gated
fusion, and E-RSM denotes the enhanced region
segmentation module.

The results reveal several important trends. First, DDP
improves Car and Cyclist over the baseline, indicating that
detached geometric supervision provides a useful and
stable geometric cue. Second, adding DPH on top of DDP
does not yield uniform gains across all categories: it
improves Pedestrian, but decreases Car and Cyclist in this
intermediate setting. This suggests that the benefit of DPH
is not a standalone monotonic gain, but rather a structural
decoupling effect whose value becomes more evident when
combined with later depth-aware modules. Third, after
introducing ADG, performance improves markedly on all

three categories, showing that query-wise adaptive depth
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gating is the key component that effectively converts the
decoupled 3D branch into stronger geometric reasoning.
To further address whether DPH is necessary, we
additionally report the variant without DPH, i.e., DDP+
ADGHE-RSM. Compared with this setting, the full model
DDP+DPH+ADG+E-RSM improves Car from 21.21 to
22.55 and Pedestrian from 10.61 to 11.56, while Cyclist
decreases from 8.43 to 7.66. Therefore, DPH introduces a
category-dependent trade-off rather than a uniform gain.
Nevertheless, it contributes positively to the final overall
design by improving the two more critical categories in our
setting, namely Car and Pedestrian, and by working
complementarily with ADG and E-RSM in the full model.

4.2.2 Ablation on Inference Speed

To clarify whether the gain of the proposed E-RSM
simply comes from inserting a generic attention module, we
further compare it with two CBAM-based altematives:

(1) + CBAM, which directly replaces the enhancement
stage with a standard CBAM module, and

(2) Learnable weighted fusion + CBAM + residual
gating, which combines several related components in a
straightforward manner.

The comparison results are shown in Table 5. In contrast
to these baselines, the proposed E-RSM is not a simple
stacking of generic modules. Instead, it is designed as a
task-oriented unified region enhancement module, in which
adaptive multi-scale fusion, channel-spatial refinement,
and residual gated modulation are jointly organized within

a single residual enhancement pathway.

iety of Automotive Eng ,Vol. 34,No.9,2026 1015
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Table 5 Quantitative comparison between CBAM-based
variants and the proposed E-RSM on the KITTI
validation set

Mod. APsp
Methods Car, Pedestrian Cyclist
@I0U=0.7 | @IOU=0.5 | @IOU=0.5
Baseline 21.24 9.57 5.94
+CBAM 21.09 8.51 4.7
+ Learnable weighted
fusion + CBAM + 21.41 8.8 6.5
residual gating
Ours 22.55 11.56 7.66

Quantitatively, the representative result of the proposed
method reported in Table 5 outperforms Learnable
weighted fusion + CBAM + residual gating, the proposed
E-RSM achieves better performance on nearly all metrics,
demonstrating that its effectiveness cannot be attributed to
a simple combination of generic components.

The improvements are especially clear on Pedestrian and
Cyclist, suggesting that E-RSM is more effective at
preserving weak foreground evidence and suppressing
structured background clutter than generic attention
insertion. These results indicate that the gain of E-RSM
does not arise merely from adding CBAM-like attention,
but from its integrated task-specific design for region-

aware feature enhancement.

4.2.3 Ablation on Inference Speed

Table 6 reports the computational cost and inference
latency measured on a single NVIDIA A100 GPU with
batch size 1 under the same codebase and software
environment. All results are obtained with an input
resolution of 384x1280 using 50 warm-up iterations
followed by 5 repeated runs of 100 timed iterations, and
latency is measured with synchronized CUDA events.
Although our model increases the parameter count and
FLOPs from 38.90 M / 68.96 G to 83.01 M/ 140.18 G, it
achieves lower end-to-end latency, reducing the runtime
from 42.96 + 1.88 ms to 35.33 =+ 5.57 ms. This result
indicates that practical inference speed is not determined
solely by FLOPs, but also by operator efficiency and
execution patterns on GPU. Profiling further shows that
both models are mainly dominated by convolutional
operators, while our model shifts a larger portion of

computation to highly optimized cuDNN convolution

1016 B=2ASA38E =2 A3+ A9E, 2026

kemels; meanwhile, the relative cost of attention-related
operators such as matrix multiplication, softmax, and
deformable attention does not increase proportionally. At
the same time, tensor-layout conversion and frequent
element-wise operations remain non-negligible bottlenecks
in both models, suggesting room for further efficiency

optimization.

Table 6 Ablation study of computational cost. We test the
Runtime (ms) on a single A100 GPU with a batch

size of |
Methods Params (M)] | FLOPs(G)| |Runtime (ms)]
MonoDGP 38.90 68.99 42.96+1.88
Ours 83.01 140.18 35.33+5.57

4.3 Visualization

Fig. 4 compares qualitative results on the KITTI
validation set between MonoDGP and ours. Our predictions
exhibit cleaner 3D box alignment and more consistent
depth/scale estimation, particularly for VRUs under long-
range and occluded conditions. In contrast to MonoDGP,
our method generates tighter, more coherent
cyclist/pedestrian boxes with fewer spurious detections,
indicating that query-adaptive depth gating effectively
suppresses unreliable depth cues in difficult regions. Ours
method better preserves object extent and orientation,
yielding boxes that more closely match the true geometry
when cyclists are partially occluded or adjacent to vehicles.

Finally, in the long-range cases, our method
demonstrates improved depth consistency and reduced
false positives around background structures, leading to
more reliable 3D localization in both the camera view.
These qualitative observations align with our quantitative
gains, confirming that stabilizing and selectively trusting
depth guidance is crucial for robust VRU-oriented

monocular 3D detection.

5. Conclusions

This paper presents a set of targeted improvements to
MonoDGP for more robust monocular 3D object detection,
with an emphasis on stabilizing and selectively trusting
depth guidance. First, we treat projection-based geometric
depth as a detached prior and supervise a learnable

geometry-error residual, which stabilizes optimization and
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Fig. 4 Qualitative results on the KITTI validation set are presented. The left column shows the detection results on the origi
nal images, while the second and third columns provide zoomed-in comparison results focusing on VRU detections.
Ground-truth boxes are color-coded based on their class: Pedestrian (oreen), Car (blue), and Cyclist (orange). Predicted
boxes are also class-specific, with Pedestrian boxes in , Car boxes in , and Cyeclist boxes in red
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improves robustness for distant objects and VRUs. Second,
we decouple the 2D and 3D prediction heads to reduce
interference between image-plane perception and 3D
geometric reasoning, providing a better structural basis for
subsequent depth-aware fusion. Third, we introduce query-
adaptive gated depth cross-attention in the 3D decoder to
suppress unreliable depth cues on a per-query basis and
better exploit reliable depth evidence when available. In
addition, we enhance the region segmentation module with
learnable multi-scale fusion, channel-spatial attention, and
residual gating to produce more stable region-conditioned
representations. Ablation studies show that the proposed
components play different but complementary roles: DDP
provides stable geometric supervision, ADG is the main
driver of depth-aware performance gain, E-RSM improves
region-conditioned feature quality, and DPH contributes as
a structural decoupling design that is most effective when
combined with the later depth-aware modules. Experiments
on KITTI
MonoDGP, with particularly strong gains on Pedestrian and

demonstrate overall improvements over

competitive results on Car and Cyclist.
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