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Abstract

Monocular 3D object detection aims to predict object
category, position, size, and orientation from a single RGB
image. Existing DETR-based monocular 3D detectors suf-
fer from maintaining consistent high-confidence responses
due to weak or incomplete target features, resulting in
information loss for distant and occluded objects during
encoding-decoding. Firstly, to address the core challenge of
insufficient target feature perception in complex scenes, we
propose a staged iterative monocular 3D detector that pro-
gressively refines targets from coarse to fine through multi-
ple paired encoding-decoding stages, significantly improv-
ing both feature utilization and network convergence. Fur-
thermore, each stage integrates a dynamic target iteration
module that continuously enhances query representation by
focusing on high-confidence regional features, thereby en-
hancing the model’s perception of potential targets. Fi-
nally, we design a dual-branch depth estimator with par-
allel global and local processing for a comprehensive rep-
resentation of the depth feature. Experimental results show
that our method achieves superior performance over prior
approaches on challenging scenarios (e.g., distant and oc-
cluded objects) in the KITTI dataset without auxiliary data,
while maintaining competitive accuracy on the nuScenes
benchmark under frontal-view settings.

1. Introduction

In hardware-constrained scenarios, early monocular 3D ob-
ject detection methods mainly relied on hand-crafted ge-
ometric constraints [42][12][9][48] and prior knowledge
[19][20][27][5] for depth reasoning. However, their lim-
ited feature representation capacity hindered performance
in complex scenes. The advent of deep learning brought
significant advances through CNN-based approaches that
learned depth-aware visual features, although challenges
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Figure 1. Comparison of confidence response levels to weak
target signals across different end-to-end detectors, where red
spots indicate the decoder’s perception intensity of target features.

persisted in depth estimation accuracy and multiscale fea-
ture fusion. Recently, frameworks based on DETR[4] ar-
chitectures have enabled more flexible depth feature learn-
ing through attention mechanisms and query interactions.

In order to achieve accurate estimation of 3D attributes,
particularly for moderate and hard targets, numerous exist-
ing methods [19][46][43] have focused on optimizing ob-
ject depth estimation to improve the accuracy of position
prediction. However, depth prediction and its error estima-
tion remain fundamentally constrained by the feature pro-
cessing capability of the encoding-decoding stages. As il-
lustrated in Fig.1, the serial encoder-decoder architecture
represented by [45] struggles to maintain consistent high-
confidence responses for targets with weak or incomplete
features, while different encoded features exhibit varying
contributions to 3D attribute learning. These issues collec-
tively form the core bottleneck for performance improve-
ment in monocular 3D detection, with their impact being
particularly pronounced in challenging scenarios where ro-
bustness is most critical.

To address these fundamental challenges, we propose a
staged iterative monocular 3D object detector that trans-
forms traditional serial architectures into a unified iterative



framework. Through multistage iterative processing, our
method achieves progressive 3D detection from coarse to
fine. To fully exploit the advantages of this staged itera-
tive structure, we design a Dynamic Target Iteration Mod-
ule that adaptively optimizes queries at each iteration stage,
enabling continuous refinement and enhancement of query
features throughout the process. Furthermore, recognizing
the critical role of depth features in accurate 3D localiza-
tion, we develop an adaptively fused dual-branch depth esti-
mator that processes global contextual perception and local
geometric details in parallel to achieve more comprehensive
depth feature representation.

The proposed method addresses the challenge of feature
utilization in DETR-based models through fundamental ar-
chitectural innovations. Our work demonstrates that iter-
ative optimization principles can be effectively integrated
into end-to-end detection frameworks, establishing a new
paradigm to tackle the inherent challenges of monocular 3D
understanding. We summarize the contributions as follows.

e We propose a novel architecture that decomposes the
task into global and local branches with spatially-aware
weight adaptation, dynamically providing optimal feature
extraction strategies for diverse scene regions.

* An efficient iterative framework with staged structure that
shortens encoder-decoder distances to improve feature
utilization while accelerating convergence, addressing the
low training efficiency of existing approaches.

* We present a target refinement module that concentrates
attention on high-confidence regions to amplify target
representations, significantly boosting perception capa-
bility in challenging scenarios.

» Extensive experiments on the KITTI test set demonstrate
the superiority of our approach, achieving the A P3p met-
ric of 25.98%, 18.96%, and 16.38% for the car category.
In particular, the gains are most pronounced for distant
objects, which are typically more error-prone.

2. Related Work

The 3D object detection task aims to identify and localize
objects in a 3D space from 2D images or 3D data, deliver-
ing reliable observations for downstream tasks. However,
the inherent depth ambiguity of single RGB images makes
accurate inference of 3D positions and geometric properties
from a single viewpoint exceptionally challenging. Con-
sequently, precise depth prediction emerges as the primary
challenge in the detection of monocular 3D object.

Monocular 3D Object Detection. Due to the ill-posed
nature of mapping single RGB images to 3D space, ex-
isting approaches mainly adopt strategies that extend 2D
detection frameworks into 3D domains, forming two dom-
inant technical paradigms: single-stage and two-stage ar-
chitectures. In single-stage approaches, M3D-RPN[2] pio-

neered the anchor-based 3D detection paradigm, with sub-
sequent works [23][13] enhancing it through asymmetric
attention modules and differentiable non-maximum sup-
pression. CenterNet[47] established the anchor-free frame-
work, which inspired multiple advancements: [21][37][46]
refined depth estimation, [24][49] optimized loss functions
and camera extrinsic prediction, respectively, while [17] in-
troduced a keypoint-based detection approach. In two-stage
approaches, ROI-10D[25] successfully adapted Faster R-
CNN’s[32] design to 3D detection, spawning variants in-
cluding decoupled 2D-3D detection losses [33] and first-
stage orientation prediction [16]. To enhance monocular
detection accuracy, MonoDepth[8] and DORNI[6] leveraged
pre-trained depth estimation networks to provide geomet-
ric cues, while [38] improved per-pixel depth estimation
through foreground-background separation. Complemen-
tary approaches [15][44][1] effectively incorporated shape
priors.

DETR-based Methods. DETR[4] pioneered the integra-
tion of Transformers into object detection as the first fully
end-to-end framework, eliminating traditional NMS post-
processing and anchor-based priors. In the 2D detection
domain, several advancements address DETR’s slow con-
vergence and high computational complexity: Deformable
DETR[50] introduces a deformable attention mechanism
that constrains queries to focus only on critical sampling
points within images; Conditional DETR[26] accelerates
convergence through conditional spatial queries; Anchor
DETR[39] reintroduces anchor queries to guide the Trans-
former’s attention toward specific regional patterns. For
3D detection, MonoDTR[11] uses LiDAR point clouds
as auxiliary supervision. MonoPGC[40] designs a depth-
space-aware Transformer with depth-graded positional en-
coding to improve spatial reasoning. MonoDETR[45], as
the first fully DETR-based monocular 3D detector, devel-
ops a depth-guided decoder with deformable attention lay-
ers for local feature aggregation. MonoDGP[31] advances
this through an error-compensated decoupled visual de-
coder that predicts depth offsets to correct geometric er-
rors. MonoVQDI[36] introduces variational query denois-
ing and look-ahead distillation with masked self-attention
for refined query control. MonoDSSMs[35] introduced the
first application of state-space models for efficient feature
extraction and fusion in monocular 3D detection.

Depth Estimation in Monocular 3D Detector. Accu-
rate depth prediction remains the fundamental challenge in
monocular 3D detection, as it directly determines the preci-
sion of 3D location. GUPNet[22] addresses this by model-
ing depth uncertainty through Laplacian distributions, ef-
fectively handling inherent depth estimation biases and
noise. DEVIANT[14] proposes a depth-equivariant net-
work that uses depth-invariant constraints to improve pre-
diction robustness. MonoDDE][ 18] reveals the limitations
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Figure 2. Overall pipeline of MonoSISTR. The network first distributes the image features to both the dual-branch depth estimator
and the staged iterative structure. Initial queries interact bidirectionally with both visual and depth features within the decoder. These
representations are subsequently refined through the DTIM before final 3D attribute prediction in the detection head.

of single-branch depth estimation through its multi-branch
architecture with weighted fusion. MonoCD[43] introduces
complementary depth estimation, significantly improving
accuracy by combining global and local depth cues.

3. Methodology

Overview. As shown in Fig.2, we propose MonoSISTR for
the detection of monocular 3D objects. Our approach incor-
porates the following key innovations: Firstly, we propose
a dual-branch depth estimator that extracts complementary
depth information through a local geometric details branch
and a global context branch, incorporating an adaptive fu-
sion module to generate branch weight maps for optimal
depth feature combination. Furthermore, we introduce a
staged iterative structure that maximizes feature utilization
and stabilizes gradient propagation through multiple pro-
gressive refinement stages. Finally, we integrate a target re-
finement module at each stage, which dynamically focuses
on potential target regions to enhance feature-query interac-
tions. The implementation details of each component will
be elaborated in the following sections.

3.1. Dual-Branch Depth Predictor

Effective depth feature perception is key to achieving su-
perior performance in monocular 3D object detection net-
works. Our analysis reveals that the global net, with their
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Figure 3. Dual-Branch Depth Predictor. Illustrating the pro-
posed Global-Aware Branch (GAB), Local-Aware Branch (LAB),
and the Adaptive Fusion Module (AFM).

expansive receptive fields, excels at capturing comprehen-
sive depth information and spatial distribution patterns of
targets. In contrast, local net leverage their high spatial res-
olution to precisely extract fine-grained depth features and
boundary details. This inherent complementarity forms the
theoretical foundation for our dual-branch depth estimator
architecture, as illustrated in Fig.3.

Global-Aware Branch. Firstly, the network performs
projection processing on multiscale features F', F'16, 32

H

from the backbone and uniformly aligns them to size 15 x



I—V[g as input for both branches. In this branch, we introduced

a learnable parameter to attenuate features Ff derived from
high-resolution downsampling while emphasizing features
FT32 obtained from low-resolution upsampling. The feature
fusion obtained through different weights yields Fy:

F, = Concat[aFf,F167($)F/?2] (1)
where o € (0,1) is a learnable parameter. Second, we
design a context enhancement module (CE) that captures
multirange spatial dependencies and contextual features Fy
by stacking dilated convolution layers with varying dilation
rates. Next, we introduce the channel attention mechanism
(CAM) to filter and enhance semantic information most rel-
evant to depth estimation, helping the network understand
spatial distribution of objects, formulated as:

Wean = o(MLP(AP(FS) + MP(FS))  (2)

Fy=F; @ Weoam 3)

where o denotes the sigmoid activation function, and
Wean represents the channel attention weights.  Ulti-
mately, the weighted global features Fj, are processed
through the depth head module to generate the output F/ ;
from the global perception branch.

Local-Aware Branch. In contrast to the global perception
branch, we introduce a learnable parameter to suppress fea-
tures FT32 derived from low-resolution upsampling while
enhancing features Ff obtained from high-resolution fea-
ture map downsampling. In this branch, we implement a
detail enhancement module (DE) that incorporates separa-
ble convolutions in depth to refine local features to F} while
preserving fine-grained details. Then, the spatial attention
mechanism(SAM) deployed learns a refined spatial weight
distribution and applies the feature weighting to local fea-
tures, producing the enhanced representation Fj,which is
formulated as:

Wsan = o(Conv([AP(F}), MP(F})])) 4)

Fy=F @ Wsan &)

where W 4s represents the spatial attention weights. This
design maximally preserves local detail information while
maintaining computational efficiency. Before input into the
depth head, residual connections are performed similarly to
avoid performance degradation. The structure of the depth
head remains consistent with the global branch, obtaining
depth features F through two 3x3 convolutional layers.

Adaptive Fusion Module. This represents the core inno-
vation of the dual-branch structure, which abandons simple
addition or averaging strategies and instead learns an adap-
tive weight map to dynamically fuse the depth features out-
put from both branches. In a specific implementation, the
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Figure 4. Staged Iterative Structure. a): The traditional serial
structure[45]; b): Our proposed staged structure.

global features F; and the local features F; are first concate-
nated along the channel dimension, and weight maps W
are obtained through the dynamic adaptive fusion module,
with specific operations as follows:

W; = DAFM(F,, F)) = [W,, W] € RT6*%%%  (6)
f g g

where W, + W; = 1, W, represents the weights for the
global-aware branch, and W; represents the weights for
the local-aware branch. For the final prediction of depth
features, we use the dual-branch local-global perception
weights of the local branch to weight the output features
and global branch output features, obtaining input features
F; for the depth encoder:

Fy=W,0F,+W,0oH )

where ©® denotes multiplication by element. This adap-
tive balancing strategy can more precisely handle the depth
estimation challenges of multiscale targets in complex
scenes, significantly improving the accuracy and robustness
of depth prediction while maintaining computational effi-
ciency.

3.2. Staged Iterative Structure

Traditional end-to-end detection models typically employ a
serial structure - a strict ‘encoder—decoder’ unidirectional
information flow pattern as shown in Fig.4 a). All encoder
layers must process the visual features fully before passing
them to the decoder. This design suffers from two funda-
mental limitations:

* Unidirectional information flow creates a bottleneck at
the encoder’s final output, making it difficult to maintain
consistent high-confidence responses for distant targets
with weak or incomplete features;

* The fixed feature-query interaction pattern in serial end-
to-end decoders often leads to gradient instability and
slow convergence during training.

As illustrated in Fig.4 b), we address these issues through
our proposed staged iterative structure, which fundamen-
tally transforms the encoder-decoder interaction paradigm.
This innovative framework divides the entire encoding-
decoding process into multiple iterative phases, each com-
prising a tightly coupled vision encoder and a 3D decoder
forming an atomic iteration unit. Specifically, within each



stage: the visual encoder first enhances multiscale features
through self-attention, followed by the decoder performing
triple attention interactions - depth cross-attention, inter-
query self-attention, and visual cross-attention - utilizing
the enhanced visual features, depth embeddings, and cur-
rent queries. The stage output feeds into the detection head
for 3D property prediction, while the encoded visual fea-
tures propagate to the next encoder layer. Meanwhile, the
decoder’s output queries and reference points advance to the
next decoder layer.

This design enables queries to interact immediately with
their corresponding visual features at each hierarchical
level, achieving early information fusion and dynamic up-
dates. Each iteration acts as a “progressive refinement’ of
the preceding queries, realizing synergistic co-evolution of
feature extraction and query optimization. The architec-
ture maintains excellent configurability by adjusting itera-
tion counts, optimal balances between computational cost
and detection accuracy can be systematically achieved.

3.3. Dynamic Target Iteration Module

In the staged iterative structure, queries achieve more flexi-
ble target representation learning through multi-round inter-
actions with both visual features and depth features. How-
ever, for low signal-to-noise ratio scenarios, the risk of
feature dilution during deep encoding still exists. To ad-
dress this, we design the dynamic target iteration module
(DTIM), as illustrated in Fig.2.

Focus on key queries. At each iterative decoding stage,
we design a dynamic Top-K selection-based query selection
mechanism. Specifically, a lightweight linear classification
head first evaluates all queries to obtain target confidence
scores S,,:

Sn: I/Vcs>< n bcs
ooy Ot 2+ bt

forn=1,2,...,N,
®)
where ¢,, denotes the query vector, W, is the classification
weight matrix, and b.;s represents the bias vector. The con-
fidence score reflects the probability that a query contains
valid target information. Then, we need to obtain indices
of target queries and reference points based on ranked con-
fidence scores and a pre-set dynamic target filtering rate,
which helps us obtain corresponding queries and reference
points during the filtering stage. Subsequently, we select
the K., most promising queries Q%Y and their associated
reference points P*¢Y from the full set of queries ). This
is achieved by ranking the queries based on their confidence
scores and retaining only the Top-K candidates:
Kiop = TopK({S, }5"4, K) ©)
where K = | Ny x o], v is the dynamic filtering rate. After
filtering, we obtain the key query set Q*Y = {g;|i € K, }

and the corresponding reference points P*V = {p,|i €
Kiop}. These reference points serve as centers for subse-
quent adaptive sampling, while filtered high-quality queries
guide the dynamic generation of sampling points, ensuring
sufficiently rich representations of target features.
Adaptive Multi-Scale feature sampling. Based on the se-
lected target queries Q*°Y and reference points P*¢Y from
the previous step, we predict a fixed number M of offset
vectors and scale weights for each reference point p; from
its corresponding query ¢;:

[Api,la ..

where Ap; ; € R2 is the relative offset and Wi 1 is the cor-
responding weight for the feature of the 1-th layer. This
query-driven offset prediction mechanism dynamically ad-
justs sampling locations according to the target’s specific
shape, pose, and scale. During the sampling phase, the fi-
nal sampling coordinates are first computed based on the
selected reference points and predicted offsets:

AP, Wi, ... Wy ] = MLP(g;)  (10)

Pij = ¢ + s; © tanh(Ap; ;) an

where ¢; = [p?,p?] is the reference center, s; = [p¥, p?] is
the scale factor, ® denotes element-wise multiplication, and
the tanh function ensures that offsets remain within reason-
able bounds. For multiscale encoded features {F'} . we
perform bilinear sampling on each scale to obtain sampled
features fi(ylj). To account for the different information char-
acteristics on different feature scales, we introduce an adap-
tive scale weighting mechanism that generates learnable
scale weights o from the predicted feature-level weights.
This mechanism adaptively assigns varying importance to
feature points from different scales:

S Wig]) fori=1,2,... K
(12)

where [ represents the index of the feature layer. Finally, we

used scale weights to perform a weighted fusion of sampled

features to obtain the final target-aware features.

o) = Softmax ([W; 1, ..

L
fig=>_a®. gl (13)
=0

Adaptively sampled target features f; ; represent the most
informative components of encoded features, providing
both a purer signal representation for target queries and im-
proved overall feature utilization. This mechanism proves
particularly crucial for improving the detection accuracy of
low-confidence responses, especially in challenging scenar-
ios involving distant or occluded objects.

Dynamic Target Refinement. To fully exploit the advan-
tages of our staged iterative structure, we design a dynamic
target refinement mechanism based on object-focused atten-
tion. Using the target-aware features f; ; obtained through



Test, APs;p Test, APggy Val, APsp
Method Reference | Extra data Easy Mod. Hard | Easy Mod. Hard | Easy Mod. Hard
MonoDTR[11] CVPR 22 21.99 1539 12.73 | 28.59 20.38 17.14 | 24.52 18.57 15.51
DID-M3DJ[29] ECCV 22 LiDAR 2440 1629 13.75(3295 2276 19.83 | 2298 16.12 14.03
DD3Dv2[28] ICRA 23 2636 17.61 15.32| 3570 24.67 21.73 - - -
OccupancyM3D[30] | CVPR 24 25.55 17.02 14.79 | 35.38 24.18 21.37 | 26.87 19.96 17.15
MonoPGC[40] ICRA 23 Depth 24.68 17.17 14.14 | 32.50 23.14 20.30 | 25.67 18.63 15.65
OPA-3D[34] RAL 23 24.60 17.05 14.25|33.54 2253 19.22 |2497 1940 16.59
GUPNet[22] ICCV 21 20.11 1420 11.77 - - - 2276 16.46 13.72
MonoDTR[11] CVPR 22 21.99 1539 12.73 | 28.59 20.38 17.14 | 24.52 18.57 15.51
MonoCon[19] AAAL22 22.50 16.46 13.95|31.12 22.10 19.00 | 26.33 19.01 1598
DCD[18] ECCV 22 23.81 1590 13.21|32.55 21.50 18.25 - - -
DEVIANT[14] ECCV 22 21.88 14.46 11.89 | 29.65 20.44 17.43 - - -
MonoDETR[45] ICCV 23 None 25.00 16.47 13.58 | 33.60 22.11 18.60 | 28.84 20.61 16.38
DVDET[10] RAL 23 23.19 1544 13.07 | 32.05 22.15 19.32 - - -
MonoUNI NeurIPS 23 2475 16.73 13.49 - - - 24.66 17.18 14.06
MonoCD[43] CVPR 24 25.53 16,59 14.53 | 33.41 22.81 19.57 | 2645 19.37 16.38
FD3D[41] AAAI 24 2538 17.12 14.50 | 3420 23.72 20.76 | 28.22 20.23 17.04
MonoDGP[31] CVPR 25 26.35 18.72 15.97 (3524 2523 22.02 |30.76 22.34 19.02
Ours None 2598 1896 16.38 | 35.15 2542 22.38 | 30.28 22.74 19.60

Table 1. Comparison on the performance of the Car category on KITTI test and val set. For all results, we use AP|R4o metric with IoU
threshold equal to 0.7. We bold the best results and underline the second-best results.

the aforementioned adaptive sampling, we construct a spe-
cialized iterative refinement model using multi-head atten-
tion. Using the sampled features f; ; as key-value pairs
(K, V) and taking the decoder output Q*~! of the previ-
ous stage as the module input query to perform the target
attention computation, formulated as:

K =V = f; ; + pos_embed (14)
Q% = Norm(Q*~' + Dropout(MHA(Q* ', K, V)))

5)
where pos_embed represents the sinusoidal positional en-
coding generated based on sampling coordinates to provide
spatial positional information for the sampled features, and
(Q° serves as input to the next stage decoder layer. Through
the introduction of dropout regularization and residual con-
nections, we effectively prevent overfitting risks and ensure
training stability.

4. Experiments
4.1. Settings

Datasets. We evaluate the performance of our model on
two authoritative benchmarks: KITTI[7] and nuScenes[3].
The KITTI dataset contains 7,481 training and 7,518 test
images, with 3,769 images split from the training set for
validation following standard protocols. It features three
categories (Car, Pedestrian, Cyclist) with targets stratified
into three difficulty levels (easy, moderate, hard) based on

AP3p APggv

Method 10Uz Easy Mod. | Easy Mod.
MonoDETR[45] 9.53 8.19 [16.39 14.41
MonoDGP[31] 0.7 |10.04 8.78 | 16.55 14.53
Ours 9.86 9.02 |16.75 15.11
MonoDETR[45] 31.81 28.35|35.70 31.96
MonoDGP[31] 0.5 [29.56 26.17|32.67 29.44
Ours 32.07 28.85|36.12 32.10

Table 2. nuScenes val results for car. Our method achieves a cer-
tain improvement in /OUs, thresholds at 0.5 and 0.7.

the height of the bounding box, the occlusion, and the trun-
cation ratios, allowing for a comprehensive evaluation in
challenging scenarios. The nuScenes dataset provides a
comprehensive autonomous driving benchmark with mul-
timodal data from six cameras, one LiDAR, and five radars
offering 360° coverage, divided into 700 training, 150 vali-
dation, and 150 test scenes.

Evaluation Metrics. For the KITTI dataset, we adopt
the standard evaluation metrics of 3D average precision
(APs;p) and Bird’s Eye View average precision(APpgy)
for the car category, with a 3D bounding box IoU threshold
of 0.7 and precision calculations averaged across 40 recall
positions. For nuScenes, we adopt the same metrics (AP3p
and APgpgy) and evaluate the levels of easy and moderate
difficulty.
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4.2. Main Results

Comparisons on KITTTI test set. In Tab.1, we compare
the performance of our proposed method with three cate-
gories of approaches on the KITTI test set: LiDAR-assisted,
depth-assisted, and extra-data-free methods.

Following [31], we similarly eliminate the contribution

of the depth map in estimating the value of the center depth.
Compared to LiDAR-assisted methods (DD3Dv2[28]), our
method shows marginal decreases of -0.38%(AP5p) and -
0.55%(APpgy) on easy level targets. In particular, our
method maintains robust high-confidence responses when
processing valid but weak feature representations through
staged iterative optimization, achieving consistent perfor-
mance gains in our proposed methods: +0.24%(Mod.) and
+0.41%(Hard) in APsp, along with +0.19%(Mod.) and
+0.36%(Hard) in APggyv, and exceeds MonoDETR[45] in
all metrics. In summary, these results definitively validate
the efficacy of our method, particularly highlighting its ad-
vantage in handling challenging environmental conditions
without relying on additional sensor input.
Comparisons on nuScenes val set. We further evalu-
ate our method on the nuScenes val set. As presented in
Tab.2, comparative results with other DETR-based methods
in frontal view demonstrate that our approach achieves opti-
mal performance at IoU threshold 0.5, with AP;p/APgpy
metrics reaching 32.07%/28.85% and 36.12%/32.10% re-
spectively. At IoU 0.7, our method maintains superior per-
formance in all metrics except AP5p on Easy targets, con-
firming its advantage in complex scenarios. The slightly
lower APsp (-0.18%) for easy targets at IoU 0.7 compared
to MonoDGP[31] may stem from feature over-smoothing
during iterative refinement, a hypothesis requiring dedi-
cated experimental validation in future work.

4.3. Ablation Study

In the KITTI val set, we conducted extensive ablation
studies using AP3;p|R4(I0U=0.7) as the evaluation
metric to analyze the individual components of our model

optimization, with the results presented below:

Depth Predictor | Easy ~Mod. Hard

Baseline[45] 28.84 20.61 16.38
Global-Branch | 28.83 20.66 16.55
Local-Branch | 2896 20.85 17.12
Dual-Branch 29.02 2094 17.16

Table 3. Efficacy of the Dual-Branch design, showing the perfor-
mance gains contributed by each branch to the network.

Dual-branch depth predictor. As shown in Tab.3, both
the global and local branches individually provide marginal
performance gains, while the adaptively fused dual-branch
network contributes substantially to the model, achieving
20.94% and 17.16% accuracy on moderate and hard level
targets, respectively. These results conclusively demon-
strate the efficacy of the dual-branch architecture.

epochs to APs, of
15% 18% 20%

Serial(31) 54 97 134 [20.61 | 24ms
Stage(31) 45 83 124 |20.64| 24ms
Stage(41) 39 63 112 |21.43| 26ms
Stage(51) 46 75 120 [20.83 | 27ms

Enc-Dec.Arch Mod. | Runtime

Table 4. The design of the Staged Iterative Structure. Impact of
structure variants and stage counts on model convergence speed,
where 'I” denotes the number of decoder layers.

Staged iterative structure. Results in Tab.4 demonstrate
the superiority of our staged iterative structure. For the
convergence speed evaluation, we record the minimum
training epochs required to reach the average precision
15%, 18%, and 20% as key metrics, and each configuration
was tested three times to obtain the median value. As
evidenced by Fig.5, our structure achieves target accuracy
levels with fewer epochs while maintaining equivalent
precision and inference speed, confirming that the proposed
architecture accelerates convergence without compromis-
ing performance.

Filtering rate | Easy Mod. Hard

0.2 28.89 2218 18.27
04 30.28 22.74 19.60
0.6 29.84 2258 19.13
0.8 29.16 22.07 18.21
w/o 29.34  21.89 18.43

Table 5. The design of dynamic target filtering rate. Impact of
different filtering ratios on model performance. *w/o’ denotes the
configuration without DTIM, while retaining both the dual-branch
design and iterative structure.
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Figure 6. Visualization of comparative results on the KITTI val set. Blue boxes: ground truth annotations; Green boxes: detection
results from different methods; Red circles: performance advantages of our method over competing approaches.

Dual.Bra ‘ Staged.Str ‘ DTIM ‘ Easy Mod. Hard

- - - 28.84 20.61 16.38
v - - 29.02 20.94 17.16
- v - 29.11 21.43 18.22
- v v 129.54 2238 19.18
v v v 130.28 22.74 19.60

Improvement +1.44 +2.13 +3.22

Table 6. The main ablation study. ’Dual.Bra’ denotes the Dual-
Branch Depth Predictor design, *Staged.Str’ represents the staged
iterative structure.

Dynamic target filtering rate. To validate the impact of
fixed reference point selection in our DTIM, we conduct
comprehensive experiments with four filtering ratios (0.2,
0.4, 0.6 and 0.8) in five experimental configurations.
Tab.5 demonstrates that peak performance occurs at a 0.4
filtering ratio (achieving highest average precision), while
ratios of 0.2, 0.6 and 0.8 lead to degraded results. Our
analysis reveals that lower ratios improve noise robustness
at the cost of potential missed detections, whereas higher
ratios preserve more target information but reduce feature
interaction efficiency.

Overall performances. As shown in Tab.6, our compre-
hensive improvements - including dual-branch net, staged
iterative structure and DTIM - collectively raise the base-
line performance on the KITTI val set. The AD34 metric
demonstrates consistent gains of +1.44% (easy), +2.13%
(moderate) and +3.22% (hard), conclusively validating the
advantages of our proposed approach.

4.4. Qualitative Results

We present quantitative visualizations of our method’s per-
formance on the KITTI val set. As demonstrated in Fig.6,
comparative analysis with two baseline approaches[45][31]
reveals our method’s superior capability in perceiving and
localizing 3D attributes of distant small targets (marked by
red circles) - particularly for objects that remain undetected
by other methods. This empirically validates that our staged
iterative structure successfully maintains high-confidence
responses to weak target signals, significantly improving
detection accuracy for challenging low-visibility targets.

5. Conclusion

In this paper, we point out that existing models improve
performance by enhancing the prediction of target depth,
but overlook the impact of the encoder-decoder architec-
ture on the utilization of target features. To address this
limitation, we present the staged iterative structure with tar-
get optimization mechanisms, coupled with a dual-branch
depth estimator to enhance depth feature perception. Ex-
perimental results on the KITTI and nuScenes benchmarks
demonstrate that our method achieves robust detection per-
formance for challenging targets.
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