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Monocular 3D object detection aims to infer three-dimensional spatial information from a single RGB image,
but existing approaches are often challenged by depth ambiguity and insufficient interaction between glob-
al and local features. To mitigate these issues, a monocular 3D object detection framework based on multi-
scale context fusion attention is proposed in this paper. Multi-scale features are first extracted to capture
objects at different spatial resolutions. Subsequently, global self-attention is employed to model long-range
contextual dependencies, while a local context fusion module aggregates neighborhood features based on
similarity-aware interactions, enabling more discriminative local representations. Through the coordinat-
ed global-local attention mechanism, depth reasoning capability is enhanced and background interference
is effectively suppressed. Experiments conducted on the KITTI benchmark demonstrate that the proposed
method achieves 27.12 / 17.68 / 14.21 AP for 3D detection and 34.72 / 23.58 / 19.67 AP for BEV detection, out-
performing representative monocular baselines such as MonoDETR. These results indicate that the proposed
approach improves detection accuracy and robustness, particularly for distant and partially occluded objects.
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1. Introduction

Three-dimensional object detection has become a
critical foundation for autonomous driving, med-
ical imaging, and intelligent robotics. However,
current methods still struggle with issues such as
sparse depth cues, occlusion, lighting variation, and
cross-domain adaptability. A large number of recent

studies have attempted to address these challenges
from different sensing, modeling, and application
perspectives.

Nurfauzi et al. [26] focused on the automatic de-

tection of traumatic bleeding in whole-body CT, in-
troducing a 3D object detection model to improve
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lesionlocalization accuracy and accelerate radiolog-
ical diagnosis. Noh et al. [25] proposed 3DPillars, a
pillar-based two-stage 3D detection framework that
enhances localization stability under occlusion and
sparse depth information. In the context of mining
environments, Essien and Frimpong [11] reviewed
3D object detection systems for underground auton-
omous trucks, summarizing technical bottlenecks
in low-light and dusty tunnels. Dhakal et al. [6] in-
troduced VirtualPainting, a data-augmentation
approach using virtual points and distance-aware
sampling to mitigate sparsity and improve far-range
detection. Boyko [4] developed an efficient RGB-D-
based method for object detection and localization
in autonomous robotic systems, achieving both re-
al-time performance and high spatial precision.

Beyond visible light sensing, Jaber et al. [18] pre-
sented 3D-DUO, a detection network for low-res-
olution multibeam echosounder data, enabling ro-
bust underwater object localization. Yildiz et al. [17]
fused camera and LiDAR data through semantic
depth sensing, achieving accurate distance estima-
tion and improved real-time detection. Ramana et
al. [29] enhanced multi-scale recognition via Spec-
tral Pyramid Pooling and fused keypoint features
embedded in a ResNet-50 backbone, strengthening
feature discrimination for complex objects. Zakeri
et al. [37] constructed SMS3D, a synthetic 3D mush-
room-scene dataset for joint detection and pose
estimation, filling an important gap in domain-spe-
cific benchmarks. Kozov et al. [20] comparatively
analyzed display technologies for 3D defect visual-
ization, providing guidelines for selecting effective
visualization hardware.

Fawole and Rawat [12] comprehensively surveyed
3D object detection methods for self-driving vehi-
cles, highlighting the rapid evolution from hand-
crafted geometry to deep feature fusion. Soans and
Fukumizu [33] designed an anchor-free detection
framework for synthetic 3D traffic-sign datasets,
integrating depth estimation and character recog-
nition for improved detection robustness. Park et al.
[21] proposed a motion-aware temporal fusion net-
work to capture dynamic LiDAR sequences, improv-
ing detection stability for moving targets. B. AN M
et al. [3] quantified the effect of LiDAR point-cloud
compression on detection accuracy, offering prac-
tical trade-offs between data size and precision. Shi
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et al. [27] introduced CenRadFusion, combining im-
age-center detection and millimeter-wave radar for
cross-modal fusion, effectively enhancing detection
under challenging conditions.

Several studies have refined network architectures
to handle sparsity and efficiency. Erabati and Arau-
jo [10] proposed SRFDet3D, a sparse-region fusion
approach that strengthens feature representation
in difficult areas, while Naich and Carrién [24] de-
veloped an intensity-aware LiDAR detection model
to exploit reflectance variations. Erabati and Araujo
[9] further designed DeLiVoTr, a lightweight voxel
transformer reducing computational cost without
degrading accuracy. Zamanakos et al. [28] intro-
duced Feature-Aware Re-weighting (FAR) in bird’s-
eye-view representations, adaptively emphasizing
informative spatial regions. Contreras et al. [5] con-
ducted a real-time survey of 3D object detection
methods for autonomous driving, summarizing la-
tency-accuracy trade-offs and design principles.

In industrial automation, Reuse et al. [31] explored
factory-driving scenarios with limited annotations
and proposed ground-truth sampling augmenta-
tion to mitigate data scarcity. Tiwari and Sharma
[34] presented FS-3DSSN, an efficient few-shot
single-stage detector for point clouds, ensuring sta-
ble performance with minimal samples. Joshi et al.
[19] applied 3D integral imaging and deep learning
to underwater object and temporal-signal detection
in turbid water, maintaining reliable recognition un-
der severe scattering. Alaba et al. [1] reviewed mul-
timodal fusion trends for autonomous-vehicle per-
ception, analyzing sensor-fusion architectures for
3D object detection.

Multi-sensor and vision-based comparisons continue
to expand. Housam et al. [14] evaluated video-LiDAR
fusion through ablation studies, showing comple-
mentary temporal-spatial benefits. Alexandre et al.
[2] improved 3D monocular detection and tracking
efficiency for smart mobility using optimized trans-
former fusion. Uwe and Yusheng [36] investigated
urban-object change detection using 3D point clouds,
emphasizing temporal alignhment accuracy. Ghazal
et al. [13] proposed a deep visual-attention model for
saliency detection on 3D objects, reinforcing fine-de-
tail understanding. Duy and Linh [8] generated
pseudo-LiDAR via simple linear iterative clustering
for low-cost 3D detection, suitable for budget-con-
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strained systems. Finally, Kashif et al. [35] compared
passive integral imaging and active LiDAR sensing
under fog and occlusion, demonstrating complemen-
tary resilience of hybrid systems.

Collectively, these studies demonstrate steady prog-
ress in 3D object detection across sensing modalities,
environments, and architectures. Nevertheless, three
major challenges remain for monocular 3D detection:

1 Limited global reasoning - many models rely on lo-
cal receptive fields, lacking mechanisms to capture
long-range spatial dependencies;

2 Weak local detail preservation - fine-grained cues
near boundaries or small objects are often over-
shadowed by global aggregation; and

3 Monocular depth ambiguity — without depth sen-
sors, robust geometric inference and cross-scale
fusion become essential.

The main contributions of this work are summa-
rized as follows:

1 A global-local context fusion attention framework
is proposed for monocular 3D object detection, in
which global self-attention and local context fu-
sion are jointly modeled to enhance spatial reason-
ing across multiple scales.

2 A similarity-aware local context fusion strategy is
introduced, leveraging clustering-based neighbor-
hood aggregation and cosine-similarity attention
to preserve fine-grained object details while sup-
pressing background interference.

3 Extensive experiments on the KITTI benchmark
demonstrate that the proposed method consistent-
ly outperforms representative monocular base-
lines, particularly in challenging scenarios involv-
ing distant and partially occluded objects.

2. Theoretical Background

2.1. Design and Implementation of the Global
Self-Attention Module

In the global self-attention module, image patch divi-
sion and tokenization are the key steps. The main idea
is to convert the original input image into a sequence
of fixed-dimensional tokens, making it suitable for
continuous attention-based processing. Let the im-
age size be HX W pixels. For convenience, the image
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is divided into small patches of size P xP. Hence, the
total number of patches N can be calculated as:

HxW
= P2 .

()

Each patch P, contains P xP pixels, where C denotes
the number of image channels. We define the patch
set as {P,}¥,, where P, €R""* represents the pixel
features of the i-th patch.For each center patch P,,
this study defines its 8 neighboring patches as the
neighborhood set N(P,). The feature representation
of the neighborhood center is expressed as:

1
F = F(P). .
center IN(Pc)I P-EZN(P ) J (©))
J c

To transform each patch into a token, the patch is
first flattened into a one-dimensional vector. Then,
a linear projection is applied to map it into a high-
er-dimensional token space through the learnable
weight matrix ¥/, and bias term b

t;=W,vec(P)+b,, i=12,....N. 3)

Here, vec(P;) denotes the flattening operation of
patch P, and t,€R" is the generated token with dimen-
sion D. Thus, the original image, after patch division
and tokenization, is converted into a token sequence:

T=[t,,t5,....ty]ERVP . @)

To make the model more sensitive to spatial position
information, positional encoding E,, €RV*” is add-
ed. It can be generated either in a fixed or learnable
manner. The final input is obtained by summing the

token sequence and its positional encoding:

X=T+E,,-. 5)

This positional encoding enables the model to dis-
tinguish between different relative positions of
patches during attention computation, thereby cap-
turing the global spatial structure. The fixed sinusoi-
dal positional encoding is expressed as:
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i
p(}.s(l 2]) Sll’l(—z/. (6)

100003>

i
E,,s(i,2j+1)=cos <—2 , %)

100005>

where i denotes the token index and j represents the
dimension index. The positional encoding can also be
defined as a learnable parameter and updated through
backpropagation to adapt to specific tasks.After tokeni-
zation, the global feature aggregation module performs
information interaction among all tokens via the atten-
tion mechanism, enabling aggregation and capture of
global representations.According to the standard que-
ry-key-value structure, multi-head self-attention cap-
tures diverse global dependencies in the feature space:

. oK’
Attention(Q,K,V) = softmax W V. ®)
k

Each attention head uses learnable projection ma-
trices W2, WK, W'eR" % for the i-th head, where d;= %.
The output of each head is computed as:

head; = Attention(Q WQ K WK VWV) (9)

The outputs of all heads are concatenated to form
the global feature representation:

7= Concat(head, ... head,)eR"*" . (10)

To better capture nonlinear high-level features, the
output of the multi-head attention layer is passed
through a Feed-Forward Network (FFN), which typ-
ically contains two linear transformations and one
activation function (ReLU):

Z’=R€LU(Z W1+b1)W2+b2, (€h)

where W,eRP*Y, W,eR%" are weight matrices, b,, b,
are bias terms, and dyis the hidden layer dimension.
This design allows the model to further extract deep
semantic features through nonlinear transforma-
tions, enhancing its expressive capability.
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To prevent overfitting and stabilize training, residu-
al connections and layer normalization are applied
after each multi-head attention and FFN sublayer.
Given the input X, the outputs after residual connec-
tion and normalization are:

Y=LayerNorm(X+Z) 12)

O=LayerNorm(Y+Z’). (13)

Through this mechanism, the inter-token depen-
dencies and interactions are effectively represented
via attention weight matrices.

2.2. Local Context Fusion and Adaptive
Weight Allocation Strategy

2.2.1. Local Neighborhood Feature Extraction and
Information Aggregation

In the local context fusion module, to better capture
fine-grained information within the target region,
this study adopts a local neighborhood feature ex-
traction and information aggregation approach to
efficiently collect neighborhood information.

Let the input image be denoted as /eR?*"*¢, where H
and Wrepresent the image height and width, and Cis
the number of channels.

The feature extraction target aims to enhance and
reallocate spatial attention to form a feature map
F eR™*C enabling the model to better aggregate
fine-grained salient regions in the local context.

First, the input image I is divided into PxPsmall

patches.

The total number of divided patches is N——xv—v

Each patch P,eR""* represents pixel features of
the i-th region. For each patch center P, this study
defines its 8 adjacent patches as a neighborhood set
N(P.).Neighborhood feature is computed following
Equation (2).

Then, the patch features are further clustered using
the K-means algorithm to minimize intra-cluster
Euclidean distance.

The cluster centers are denoted as {C,}¥,, where
each C,eR° represents the center of cluster k.The
weight of each patch relative to the cluster center is
calculated as:
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1 K
wi

NE. . —CII?
exp(” center,i k” >, (4)

Ko 202

whereF,,,..denotes the feature of the i-th patch cen-
ter, and o is the standard deviation parameter con-
trolling sensitivity to feature variation.The weight
w;, reflects the saliency of the patch with respect to
different cluster centers — the higher the value, the

more important the patch is to the local region.

To further strengthen the expressive power of sa-
lient regions, each patch feature is multiplied by its
adaptive weight:

F,,=w;-F(P). (15)
All weighted features are then reassembled to form
the feature map F,, consistent in dimension with the
original input feature map. The enhanced feature
map F, contains both local salient information and
global contextual background cues. To validate the
method’s effectiveness, F, is fed into the detection
head of Sparse R-CNN for object detection.

To enhance performance, a saliency enhancement loss
is introduced into the total detection loss function as:

N
1
Lsaliencyz_ﬁ Z Il Fw,i_F(Pi) ”2 . (16)
i=1

This term penalizes excessive deviation between
weighted and original features, ensuring consisten-
cy and emphasizing representation of salient areas.

The final detection loss is defined as:
L =Lcls + ALreg + ALsaliency ’ an

where L, and L, represent classification and regres-
sion losses, respectively, and AL ., is the weighting
coefficient for the saliency loss. In summary, the lo-
cal feature extraction and aggregation module em-
ploys adaptive weight allocation and variance-based
optimization to capture precise and effective local
contextual information.

This approach not only strengthens feature repre-
sentation within local regions but also fully utilizes
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multi-layer contextual cues to enhance global-local
information fusion, providing richer and more accu-
rate 3D object detection representations.

2.2.2. Local Attention Weight Calculation Based
on Cosine Similarity

The local attention weighting based on cosine simi-
larity calculates fine-grained weight distribution by
measuring the similarity between the central pixel
and other pixels in its neighborhood.

Specifically, let the feature vector of the center pixel
be f,, and the feature vector of any neighboring pix-
el i be f,. The cosine similarity between them is ex-
pressed as:

. _ S
SIm )= a8

Since cosine similarity values lie within [-1,1], nor-
malization is typically applied. For the neighbor-
hood N(c), this study uses the softmax function to
normalize all similarity scores and obtain the final
attention weights:

) exp(Sim(Z“fi) )
a;= . 19)

Z JEN(c) €XP ( w )

Here, 7 is a temperature parameter controlling the
sharpness of the weight distribution — a smaller 7 re-
sults in sharper, more focused attention.

To ensure numerical stability, each local region’s
feature vectors are first L2-normalized:

f=—" (20)

The cosine similarity between normalized vectors is
simplified as:

sim (fc,f;)=f:, ﬁ . (D

The obtained attention weights are then used to ag-
gregate local neighborhood information, yielding the
local feature representation of the center pixel:
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Flo= 2 a-f; - (22)

iEN(c)

This cosine-similarity-based attention mechanism
effectively captures fine-grained local correlations,
as the weight distribution reflects the angular dis-
tance between feature vectors, enhancing local de-
tail perception.

To further strengthen the expressive capability, a
learnable linear transformation is applied to the fea-
ture vectors before computing cosine similarity:

f=w-f. (23)

After transformation and re-normalization, the co-
sine similarity and attention aggregation are recalcu-
lated, capturing more discriminative local features.

The final local attention module is integrated into
the multi-level feature fusion network to refine lo-
calized feature representations, while residual con-
nections ensure that original information is pre-
served and not completely lost.

2.3. Global-Local Context Fusion Mechanism

To explicitly model the interaction between global
and local representations, this study introduces a
global-local context fusion mechanism that tight-
ly couples the Global Self-Attention (GSA) module
with the Local Context Fusion (LCF) module. Unlike
conventional sequential designs in which global and
local modules operate independently, the proposed
framework establishes a guided fusion strategy,
where global contextual information actively modu-
lates local feature aggregation.

Specifically, the GSA module first encodes the input
feature maps into a set of token embeddings and cap-
tures long-range dependencies through multi-head
self-attention. The resulting global representation
encodes holistic scene semantics and structural re-
lationships across spatial scales. Rather than being
directly concatenated or added to local features, this
global contextual embedding is used as a guidance
signal for the subsequentlocal context fusion process.

In the LCF module, local neighborhood features are
aggregated through clustering-based adaptive weight-
ing and cosine-similarity attention. During this pro-

2026/2/55

cess, the similarity computation and weight alloca-
tion for each local neighborhood are conditioned on
the global contextual representation produced by
GSA. Concretely, the global embedding influences
the similarity-aware weighting of local features by
adjusting their relative importance with respect to
the overall scene context. This design ensures that
local feature refinement is informed by global seman-
tics, enabling salient object regions to be emphasized
while suppressing background interference.

Through this global-to-local information flow, the pro-
posed fusion mechanism preserves fine-grained spatial
details while maintaining global structural awareness.
As a result, the model achieves a balanced represen-
tation that integrates long-range contextual reason-
ing with precise local detail modeling. This coupling
strategy fundamentally differs from simple sequential
attention pipelines and plays a crucial role in enhanc-
ing depth reasoning, robustness under occlusion, and
detection accuracy in monocular 3D object detection.

3. Overall Algorithm Framework

The overall architecture of the proposed monocular
3D object detection framework is illustrated in Fig-
ure 1. The framework is designed to jointly model
global contextual dependencies and local structural
details through a multi-scale context fusion atten-
tion mechanism.

Given a single RGB image as input, amulti-scale feature
extraction backbone is first employed to generate hier-
archical feature maps at different spatial resolutions.
These feature maps capture objects of varying sizes and
provide a foundation for robust depth reasoning.

Subsequently, the extracted multi-scale features are
fed into the Global Self-Attention (GSA) module,
where long-range dependencies among spatial regions
are explicitly modeled. By tokenizing feature maps into
patch embeddings and applying multi-head self-atten-
tion with positional encoding, the GSA module enables
global information exchange across the entire scene,
enhancing holistic semantic understanding and im-
proving depth-aware feature representation.

In parallel, the Local Context Fusion (LCF) module fo-
cuses on refining fine-grained local details that may be
weakened during global aggregation. For each local re-
gion, neighborhood features are adaptively aggregated
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based on clustering-aware weighting and cosine simi-
larity-based attention. This design allows salient object
boundaries and local geometric cues to be preserved
while suppressing irrelevant background responses.

Importantly, the proposed framework adopts a glob-
al-local cooperative fusion strategy, in which the
globally enhanced features from the GSA module
guide the local feature refinement process in the LCF
module. The outputs of both modules are fused in a
complementary manner, ensuring consistency be-
tween global scene context and local object structure.

Finally, the fused features are delivered to the 3D de-
tection head, which jointly predicts the object cate-
gory, 3D location, dimensions, and orientation. The
entire framework is trained end-to-end, allowing all
modules to be optimized collaboratively.

Through this structured global-local interaction,
the proposed method effectively balances scene-lev-
el reasoning and fine-grained detail modeling, lead-
ing to improved accuracy and robustness in monoc-
ular 3D object detection.

Figure 1
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4. Experimental Results and Analysis

In this section, the proposed method is evaluated
on the KITTI benchmark, a widely used dataset for
autonomous 3D object detection in driving scenar-
ios. The KITTI dataset provides stereo images and
LiDAR scans with precise 3D ground-truth annota-
tions for three object categories: cars, pedestrians,
and cyclists. The dataset contains 7,481 training
images, 3,769 validation images, and 7,518 test imag-
es. Following standard practice, the official training
splitisused, and results are reported on both the val-
idation and test sets. We present detection results
under three difficulty levels - Easy, Moderate, and
Hard - and evaluate performance using the Average
Precision (AP) metric for both 3D bounding box-
es and bird’s-eye view (BEV) representations. The
proposed model is implemented using PyTorch and
trained on a workstation equipped with an NVIDIA
A6000 GPU. The training process spans 195 epochs
with a batch size of 16 and an initial learning rate of

Framework of the Multi-Scale Context Fusion Attention Mechanism Model.
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0.001. The dataset settings and experimental envi-
ronment configuration are kept consistent across all
experiments discussed in Chapters 4-5.

4.1. Comparative Experimental Results and
Analysis

To provide a comprehensive comparison, ten repre-
sentative monocular 3D object detection methods
from recent literature were selected for evaluation,
each reflecting a different development direction
within the field.

Contextual Patch-NetVLAD [15] introduces a con-
textual feature aggregation strategy based on local
patch descriptors and NetVLAD encoding, aiming
to enhance spatial correlation modeling; however,
its limited depth reasoning capability constrains
performance on distant or occluded targets. DALCN
[40] employs a depth-guided convolutional net-
work that couples depth prediction with detection
tasks, improving feature localization but still suf-
fering from scale inconsistency. DDMP-3D [7] uti-
lizes dense depth-map prediction with 3D geomet-
ric projection to strengthen monocular depth cues,
which enhances performance but increases model
complexity. MonoDTR [22] incorporates transform-
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er-based feature relation modeling to capture long-
range dependencies, achieving improved global con-
text perception in 3D space.

MonoDLE [35] refines feature alignhment through
depth-level estimation (DLE), enhancing localiza-
tion consistency across multi-scale feature maps.
MonoRCNN [39] extends the region-based detec-
tion framework by adding 3D geometric reasoning
branches, leading to better regression accuracy in
object orientation and size. MonoGeo [30] intro-
duces geometric constraint learning to improve the
interpretability of spatial reasoning, effectively han-
dling complex perspective distortions. MonoFlex
[21] integrates a flexible depth representation mech-
anism, achieving balance between geometric preci-
sion and computational efficiency.

GUPNet [28] leverages geometry uncertainty propa-
gation, explicitly modeling prediction variance to en-
hance the reliability of 3D bounding box estimation.
Finally, MonoDETR [16] applies a transformer-based
end-to-end detection architecture with cross-scale
attention, representing the current state-of-the-
art baseline in monocular 3D detection. These ten
methods collectively illustrate the evolution from
handcrafted geometric priors to learning-based glob-

Table 1
The comparison results of different methods on the KITTI dataset.
Test
Methods

Easy Mod. Hard

C(ﬁfgi‘flﬁﬁh' 1568 | 1112 | 1017

D4LCN [40] 16.65 1172 9.51

DDMP-3D [7] 1971 1278 9.80

MonoDTR [22] 21.99 15.39 1273

MonoDLE [35] 17.23 12.26 10.29

MonoRCNN [39] 18.36 12.65 10.03

MonoGeo [30] 18.85 13.81 11.52

MonoFlex [21] 19.94 13.89 12.07

GUPNet [28] 20.11 14.20 11.77

MonoDETR [16] 25.00 1647 13.58

The presented model 2712 17.68 14.21

Improvement value +2.12 +1.21 +0.63

Test Val
Easy Mod. Hard Easy Mod. Hard
22.97 16.86 14.97 - - -
22.51 16.02 12.55 - - -
28.08 17.89 1344 - - -
28.59 20.38 1714 24.52 18.57 15.51
24.79 18.89 16.00 1745 13.66 11.68
2548 18.11 14.10 16.61 13.19 10.65
25.86 18.99 16.19 1845 1448 12.87
28.23 19.75 16.89 23.64 17.51 14.83
22.76 16.46 13.72 - - -
33.60 2211 18.60 28.84 20.61 16.38
3472 23.58 19.67 29.89 21.52 17.25
+1.12 +147 +1.07 +1.05 +0.91 +0.87
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al-context modeling, showing steady progress in ac-
curacy and robustness. The proposed model in this
chapter builds upon this foundation by introducing
a multi-scale context fusion attention mechanism,
which integrates global self-attention with local fea-
ture enhancement to further improve depth reason-
ing, feature representation, and detection precision.

Table 1 presents the comparison results of different
methods on the KITTI dataset, covering 3D detec-
tion and bird’s-eye view (BEV) detection on the Test
set, as well as 3D detection on the Validation set.
Each metric is reported under the three official diffi-
culty levels: Easy, Moderate (Mod.), and Hard. Over-
all, all methods achieve relatively high detection
accuracy under the Easy setting, while performance
declines progressively as the difficulty increases to
Moderate and Hard. Traditional methods such as
Contextual Patch-NetVLAD, D4LCN, and DDMP-
3D yield only 15.68, 16.65, and 19.71 AP (Easy) on
the Test set, and even lower values for Moderate and
Hard. Their BEV detection results also fail to show
competitive performance.

In contrast, deep learning-based methods such as
MonoDTR, MonoDLE, MonoRCNN, MonoGeo,
and MonoFlex demonstrate overall improvements,
though certain limitations still remain. Among
them, MonoDETR achieves 25.00, 16.47, and 13.58
AP for 3D detection on the Test set, and 33.60, 22.11,
and 18.60 for BEV detection, while its Validation set
scores reach 28.84, 20.61, and 16.38.These results
indicate that deep learning-based monocular 3D ob-
ject detection methods have gradually improved in
accuracy over recent years.

The complete model proposed in this chapter achieves
27.12,17.68, and 14.21 AP for 3D detection, and 34.72,
23.58, and 19.67 for BEV detection on the Test set,
while reaching 29.89, 21.52, and 17.25 on the Validation
set — all outperforming the other compared methods.

Specifically, compared with MonoDETR, the pro-
posed model improves the Test set 3D detection re-
sults by 2.12, 1.21, and 0.63 percentage points, and
improves the Test set BEV results by 1.12, 1.47, and
1.07 percentage points. On the Validation set, the
model further achieves 1.05, 0.91, and 0.87 percent-
age point gains, respectively.

Beyond numerical improvements, this performance
gain can be attributed to the fundamental difference
in local context modeling between the proposed
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method and MonoDETR. MonoDETR primarily re-
lies on transformer-based global self-attention and
cross-scale feature interaction, in which local infor-
mation is implicitly encoded within the token-wise

Figure 2

Comparison of detection results across different models.
(Red boxes indicate detection errors, including false
positives, missed detections, or inaccurate localization.)

Proposed Complete Model in This Chapter
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attention mechanism. In contrast, the proposed ap-
proach introduces an explicit Local Context Fusion
(LCF) module, where local neighborhoods are explic-
itly constructed and refined through clustering-based
adaptive weighting and cosine-similarity attention.
Moreover, the local aggregation process is guided by
global semantic representations obtained from the
Global Self-Attention (GSA) module, enabling fine-
grained local features to be selectively enhanced un-
der global contextual constraints. This explicit glob-
al-local coupling mechanism allows the proposed
model to better preserve object boundaries and small-
scale structures, thereby improving detection robust-
ness for distant and partially occluded targets.

From the visualization results, it can be observed
that the first image represents the ground truth,
while the remaining five images show the detection
outcomes of different methods under the same sce-
nario. The red boxes highlight areas where detection
errors or inaccuracies occur. MonoDETR performs
relatively well in detecting nearby vehicles but ex-
hibits unstable recognition for distant targets or
those under tree shadows, leading to localization
shifts or missed detections. Contextual Patch-Net-
VLAD shows certain improvements in local detail
extraction but still misclassifies vehicles under
shaded regions, resulting in more red error boxes.

D4LCN demonstrates noticeable localization devia-
tions for most vehicles, particularly when vehicle edg-
es blend with the background, causing frequent false
detections. GUPNet delivers more balanced overall
performance; however, in areas with dense trees, it still
struggles to distinguish vehicles from the background,
leading to multiple red error boxes. In contrast, the
proposed complete model produces bounding boxes
that align more closely with the actual vehicle posi-
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tions and maintains relatively accurate localization
even for partially occluded or distant targets, with a
significantly reduced number of red error boxes.

This indicates that the proposed method demon-
strates stronger adaptability in multi-scale feature
extraction and local context fusion, effectively dis-
tinguishing object contours and positions under
complex illumination and background conditions.

Consequently, it substantially reduces both false
and missed detections. Overall, this visualization
comparison highlights the improved accuracy and
robustness of the proposed method, providing more
reliable perception capability for autonomous driv-
ing applications.

4.2. Ablation Study Results and Parameter
Analysis

Table 2 presents the ablation study results of the
proposed complete model on the KITTI dataset, fo-
cusing on the Global Self-Attention (GSA) module
and the Local Context Fusion (LCF) module.

In the experiments, the complete model achieves 3D
detection AP on the Test set of 27.12 (Easy), 17.68
(Mod.), and 14.21 (Hard), and BEV detection AP of
34.72 (Easy), 23.58 (Mod.), and 19.67 (Hard). On the
Validation set, the corresponding 3D detection AP
values are 29.89, 21.52, and 17.25, respectively. By
contrast, when the Global Self-Attention module is
removed, the Test set results drop to 24.83, 15.41,
and 12.52 for 3D detection, 32.31, 22.05, and 18.21
for BEV detection, and the Validation set results de-
crease to 27.58,19.96, and 16.12.

‘When the Local Context Fusion module is removed,
the Test set achieves 25.42, 16.21, and 13.35 for 3D
detection, 33.68, 22.75, and 19.08 for BEV detection,

fles A Val AP,
Hard Easy Mod. Hard Easy Mod. Hard
14.21 34.72 23.58 19.67 | 29.89 | 2152 17.25
12.52 32.31 22.05 18.21 27.58 19.96 16.12
13.35 33.68 22.75 19.08 | 2835 | 20.73 16.82
+1.69 +2.41 +1.53 +146 | +2.31 | +1.56 +1.13
+0.86 = +1.04 +0.83 +0.59 | +1.54 | +0.79 +043

Table 2
Ablation study results of the proposed complete model on the KITTI dataset.
TestAP,,
Methods

Easy Mod.

Proposed Complete Model 2712 17.68

w/o Global Self-Attention Module 24.83 1541

w/o Local Context Fusion Module 2542 16.21

Improvement over w/o Global SA +2.29 +2.27

Improvement over w/o Local CF +1.70 +147
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and the Validation set results are 28.35, 20.73, and
16.82, respectively.

From the observed performance gains, compared
with the model without the Global Self-Attention
module, the complete model improves by 2.29, 2.27,
and 1.69 percentage points on Test set 3D detection,
by 2.41, 1.53, and 1.46 percentage points on Test set
BEV detection, and by 2.31, 1.56, and 1.13 percent-
age points on the Validation set. Compared with the
model without the Local Context Fusion module, the
complete model achieves gains 0of 1.70, 1.47, and 0.86
on Test set 3D detection; 1.04, 0.83, and 0.59 on BEV
detection; and 1.54, 0.79, and 0.43 on the Validation
set. These results clearly indicate that both mod-
ules positively contribute to model performance,
but the Global Self-Attention module plays a more
decisive role, as its removal leads to more signifi-
cant performance degradation than that of the Local
Context Fusion module. This finding highlights the
critical importance of the global attention mecha-
nism in helping the model integrate comprehensive
scene-level features, thereby enhancing both 3D ob-
ject detection and BEV detection accuracy.

In comparison, the Local Context Fusion module
mainly contributes to the refinement of fine-grained
local features. Although its role is crucial, its impact
on overall performance improvement is relatively
smaller, as it focuses on optimizing local details and
compensating for boundary information. Experi-
mental results further show that, under the Easy
difficulty setting, removing either the global self-at-
tention or local fusion module results in a substan-
tial drop in performance - likely because in simpler
backgrounds where objects are clearer, precise glob-
al-local feature integration becomes particularly vi-

Figure 3
Multi-scale Feature Analysis.
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tal for accurate localization. Under the Moderate and
Hard conditions, where occlusions and background
complexity increase, the synergistic effect between
the two modules becomes more pronounced; remov-
ing either leads to insufficient feature representa-
tion, directly reducing detection accuracy.

Overall, compared with its ablated variants, the com-
plete model, which integrates both Global Self-At-
tention and Local Context Fusion, achieves effective
fusion of global scene understanding and local detail
representation, delivering superior performance
across all evaluation metrics.

The results further validate the core role of these two
modules in enhancing model robustness and gener-
alization capability, and demonstrate that their co-
operative interaction significantly improves detec-
tion performance across different difficulty levels.

In future research, the fusion strategy between global
and local information could be further optimized, and
more efficient attention mechanisms may be explored
to maintain model lightweightness while achieving
higher detection accuracy, providing a more reliable
foundation for monocular 3D object detection.

Figure 3 illustrates the influence of multi-scale fea-
tures on the performance of the attention mecha-
nism. The figure presents the attention weight dis-
tributions across four different feature scales (from
1/32to 1/4) and their corresponding 3D metrics. The
results demonstrate that intermediate feature scales
(1/16 and 1/8) receive higher attention weights (0.25
and 0.35, respectively) and simultaneously achieve
better detection accuracy. This finding validates the
design intention of incorporating multi-scale fea-
ture fusion that captures both global semantic infor-
mation and fine-grained local details. In particular,
the 1/8 scale feature contributes the most to accura-
cy improvement, providing an important reference
for optimizing the allocation of attention weights in
the model configuration.

Figure 4 compares the performance and perfor-
mance of five different contextual coupling strat-
egies. The adaptive coupling strategy showed the
highest performance of 17.68%, but the longest with-
drawal time was 1.2 milliseconds. The parallel syn-
thesis strategy provides a relative balance between
17.80% accuracy and computation efficiency. This
image clearly shows the relationship between dif-
ferent strategies that serves as the basis for choosing
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Figure 4
Comparison of Different Context Fusion Strategies.
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synthesis methods in practical applications. This
analysis reflects the key importance of the contex-
tual synthesis method to improve the performance
of 3D detection and serves as an inspiration for later
optimization of the model design.

4.3. Computational Complexity Analysis

To evaluate the practical applicability of the pro-
posed method, its computational complexity is an-
alyzed in terms of model parameters, floating point
operations (FLOPs), and inference speed, and com-
pared with representative monocular baselines.

All models are evaluated under the same experimen-
tal setting using an NVIDIA A6000 GPU and identi-
cal input resolution. The number of parameters and
FLOPs are computed using the PyTorch profiling
tool, while inference speed is measured in frames
per second (FPS) with batch size set to one.

The results are summarized in Table X. Compared
with MonoDETR, the proposed method introduc-
es additional parameters due to the Global Self-At-
tention (GSA) and Local Context Fusion (LCF)
modules. Specifically, the parameter count increas-
es moderately, while the FLOPs exhibit a limited
growth, mainly attributed to the attention-based
global-local feature interaction.

Despite the increased computational cost, the infer-
ence speed of the proposed method remains within a
practical range for autonomous driving applications.
This indicates that the performance gains achieved
by the proposed global-local context fusion strate-
gy are obtained with an acceptable computational
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overhead, striking a reasonable balance between de-
tection accuracy and efficiency.

As shown in Table 3, although the proposed method
increases the computational overhead, the inference
speed remains within a practical range, indicating a
favorable trade-off between accuracy and efficiency.

Table 3

Computational complexity comparison with MonoDETR
on the KITTI dataset.

Method Params (M) | FLOPs (G) FPS

MonoDETR 51.2 1824 186

Proposed Method 56.8 2057 16.9
5. Summary

This paper presents amonocular 3D object detection
framework based on a multi-scale context fusion at-
tention mechanism, aiming to address the challeng-
es of depth ambiguity and insufficient global-local
feature interaction in monocular settings.

The proposed method integrates a Global Self-At-
tention (GSA) module and a Local Context Fusion
(LCF) module within a unified architecture. The
GSA module captures long-range spatial depen-
dencies and enhances global semantic consistency,
while the LCF module focuses on preserving fine-
grained local structures through similarity-aware
neighborhood aggregation. By jointly modeling glob-
al scene context and local object details, the frame-
work achieves more reliable depth reasoning and
robust feature representation.

Extensive experiments conducted on the KITTI
benchmark demonstrate that the proposed approach
consistently outperforms representative monocular
3D detection baselines, particularly in challenging sce-
narios involving distant and partially occluded objects.
Moreover, the computational complexity analysis
shows that the performance gains are achieved with a
moderate and practical computational overhead.

Overall, the proposed global-local context fusion
strategy provides an effective and scalable solution
for monocular 3D object detection, offering a favor-
able balance between accuracy, robustness, and effi-
ciency in autonomous driving applications.
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