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Fig. 1: (a) Visual detection results of a state-of-the-art monocular 3D object detection model (MonoDGP) under occlusion.
(b) Comparison of detection performance among existing methods for occluded and non-occluded objects. (c) Comparison
of image inpainting using LaMa [1] and keypoint reconstruction approaches.

Abstract— Monocular 3D object detection has garnered at-
tention due to its cost-efficiency and simpler setup compared
with multisensor systems. In this task, an accurate depth
estimation is crucial for precise object localization, however
extracting sufficient depth cues from a single image remains
challenging. Moreover, when occlusions occur, structural cues
become limited, making precise object localization increasingly
difficult. To address these problems, we propose MonoKey, a
keypoint-based monocular 3D object detection method that is
robust to occlusion. MonoKey applies 2D keypoints due to their
suitability for recovering occluded regions. The occlusion-robust
2D keypoint detection approach estimates object keypoints
and reconstructs occluded ones using prior information. The
frequency-based global-local depth predictor estimates 3D cues
using fast Fourier convolution to incorporate global and local
contexts. These 3D cues and keypoints are fused in a 3D
detection decoder. Relational graph refinement adjusts the
initial bounding boxes for improved localization. The experi-
mental results indicate that MonoKey outperforms the existing
monocular 3D object detection methods. The source code is
available at https://github.com/yeonwoo29/MonoKey.git.

I. INTRODUCTION

Three-dimensional (3D) object detection is an essential
task in robotic automation, such as autonomous driving.
Approaches that apply multiple sensors, such as LiDAR or
stereo cameras, can measure object depth and enable precise
localization. However, these methods require accurate cali-
bration between sensors and involve excessive costs for sen-
sor configuration, limiting their scalability and widespread
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adoption. In contrast, monocular 3D object detection esti-
mates object locations using only a single red, green, and
blue (RGB) camera. This approach eliminates the need for
multisensor calibration and reduces the system cost. These
advantages have attracted significant research interest in
monocular-based approaches. This strategy can also benefit
edge deployment scenarios, including those in autonomous
vehicles, mobile robotics, augmented/virtual reality systems,
and uncrewed aerial vehicles, where low-cost, lightweight
perception modules are crucial.

Despite these advantages, monocular 3D object detection
still suffers from the difficulty of accurately estimating
depth from a single view. This limitation becomes more
pronounced under occlusion, where partial object visibility
causes severe information loss. Monocular methods rely on
RGB images, which do not utilize the geometric layout of
an object; thus, many state-of-the-art (SOTA) approaches, in-
cluding MonoDETR [2] and MonoDGP [3], depend heavily
on appearance-based cues, including color, texture, or object
boundaries. These cues are often corrupted or missing when
objects are occluded, degrading performance. Figure 1(a)
illustrates this problem, where the predicted 3D bounding
boxes under occlusion deviate significantly from the ground
truth (GT). Figure 1(b) illustrates the decline in detection
performance between occluded and non-occluded cases.

To overcome these challenges, we propose MonoKey, a
keypoint-guided monocular 3D object detection framework
designed to be robust under occlusion. Instead of relying
solely on appearance information, MonoKey structurally
infers occluded regions by introducing 12 semantic keypoints
that capture the geometric layout of an object. Represented
as (x, y) coordinates, these keypoints form a compact 24-
dimensional vector, reducing feature dimensionality com-
pared to dense image representations, lowering computa-
tional complexity. Occluded keypoints are reconstructed via
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an autoencoder that incorporates coarse yaw and structural
symmetry as priors, while applying symmetry constraints and
yaw consistency to reduce uncertainty during reconstruction.

Figure 1(c) compares the proposed with the image pixel-
based inpainting baseline (LaMa [1]). Although inpainting
fails to reconstruct the object structure in the GT bound-
ing box, the proposed keypoint-based method succeeds by
applying structural cues. By combining semantic keypoints,
geometric priors, and global depth features, MonoKey is ro-
bust against occlusion while maintaining low-cost monocular
input requirements.

Furthermore, MonoKey integrates a frequency-based
global-local depth predictor (FDP) to cope with the loss
of structural details under occlusion. This module balances
low- and high-frequency components by applying frequency-
domain representations, enabling a more accurate depth
estimation in partially occluded scenes. A relational graph
refinement module mitigates the effects of occlusion by
modeling the relationships between the object keypoints and
initial bounding boxes, enhancing localization precision.

The primary contributions are summarized as follows:
• We propose an occlusion-robust 2D keypoint detection

method that localizes visible keypoints and reconstructs
occluded ones via a prior-guided autoencoder, mitigat-
ing the loss of structural information under occlusion.

• We propose an FDP that mitigates the influence of oc-
clusion on depth estimation by capturing global context
and fine spatial details in the frequency domain. Bal-
ancing low- and high-frequency components alleviates
spectral bias and improves depth prediction robustness
in partially occluded scenes.

• We propose a relational graph-based module that applies
keypoints and yaw information to model spatial rela-
tionships between objects and refine 3D bounding boxes
via graph reasoning, thereby improving the localization
of occluded objects by using the accurate detection of
non-occluded ones.

II. RELATED WORK

A. Monocular 3D Object Detection

Monocular 3D object detection using RGB images alone
has garnered significant attention due to its low cost. These
methods [2], [4]–[18] infer 3D attributes, such as position,
size, and yaw, directly from a single image. Although effi-
cient, these methods lack the complementary cues that allow
the detector to focus precisely on the object. In response to
the challenges of monocular perception, some methods have
incorporated auxiliary signals, such as generating bird’s-eye
view representations or using 2D corner projections [19],
[20]. The proposed approach follows this paradigm but
employs 2D keypoint information as an auxiliary signal to
overcome the limitations of purely image-based approaches.

Occlusion is a significant source of error in 3D object
detection. Although early methods have often assumed full
object visibility, recent approaches have addressed occlusion
from diverse perspectives. [21] An occlusion partial point

Fig. 2: Overall architecture of MonoKey framework.

cloud augmentation technique [22] improves robustness by
synthetically occluding objects. However, this method relies
on data augmentation. RGB-based methods such as M3D-
RPN [23] incorporate occlusion reasoning in its proposal
stage, but still struggles with complex occlusion patterns
in real-world scenarios. Moreover, MonoMAE [24] incor-
porates occlusion-aware masked autoencoding to handle oc-
cluded regions. In contrast, our method explicitly recon-
structs missing geometric structures using semantic key-
points and prior-guided autoencoding. By leveraging object
keypoints to capture the underlying geometric layout, our
approach enables accurate 3D box reconstruction even under
severe occlusion. This work employs semantic keypoints that
represent rigid object geometry (e.g., vehicles) for monocular
3D detection, beyond their prior use in datasets such as
CarFusion [25] or SKoPe [26].

B. 2D Object Keypoint Detection

Keypoint-based methods are robust to background vari-
ations and focus on object structure. These methods have
been widely studied under the unified task of keypoint-based
detection [27]–[37]. In driving scenarios, object keypoint
datasets [25], [26] structurally define vehicle keypoints.
Generally, for non-rigid objects such as humans, keypoints
represent the pose. In contrast, for rigid objects such as vehi-
cles, keypoints represent the geometric layout. Therefore, this
work utilizes keypoints that represent the geometric layout
to perform 3D rigid object detection.

III. METHOD

A. Overview

Figure 2 illustrates the proposed MonoKey, a monocular
3D object detection framework designed to handle occlusion.
MonoKey extracts visual features with a backbone and
employs an occlusion-robust 2D keypoint detection module
to estimate visible keypoints k̂. The estimated keypoints are
embedded using spatial positional encodings and provided
as input to the 3D detection decoder. In parallel, a FDP
applies frequency decomposition to generate depth features
capturing both local details and global context, which are
also provided as input to the 3D detection decoder. The
decoder applies cross-attention to these inputs to generate
the initial 3D bounding boxes B′

3D, which are refined by
a relational graph module modeling spatial dependencies to
resolve overlaps and improve yaw accuracy, producing the
final 3D bounding boxes B3D.
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Fig. 3: Illustration of the occlusion-robust 2D keypoint
detection.

B. Occlusion-robust 2D Keypoint Detection

1) Domain Adaptive 2D Keypoint Detection: This work
introduces object-level keypoints and addresses the domain
gap (e.g., viewpoint, background, and resolution) between
the CarFusion dataset [25] and real driving environments
to enable effective 2D keypoint detection. The CarFusion
dataset is used for training, and 2D keypoint detection is
performed on object-level crops with domain adaptation.

In the initial block of Fig. 2, object bounding boxes are
localized using a 2D detector, and keypoints are detected in
each cropped region corresponding to the detected boxes.
For vehicle objects, we establish a dedicated 2D keypoint
detection framework by defining a set of meaningful object
keypoints and training the keypoint detector. The object and
keypoint detectors are implemented using CenterNet [38]
with a DLA-34 [39] backbone. CenterNet predicts object
centers and regresses keypoints from shared backbone fea-
tures. This work applies a method that minimizes the maxi-
mum mean discrepancy (MMD) [40] between the source and
target domain feature distributions to reduce the domain gap.
The MMD loss is defined as follows:

Ldet
mmd =

∥∥∥∥∥∥ 1

ns

ns∑
p=1

fs
p − 1

nt

nt∑
q=1

f t
q

∥∥∥∥∥∥
2

, (1)

where fs
p and f t

q denote the feature embeddings from the
source and target domains, respectively, and ns and nt

represent the batch sizes for the source and target samples.
2) 3D Yaw Estimator: The 3D yaw angle θ, which serves

as a global geometric prior for keypoint reconstruction, is
estimated to complement the partial keypoint observations
under occlusion. This global cue provides coarse directional
information regarding the vehicle structure and guides the
autoencoder to produce structurally consistent keypoints.

As illustrated in Fig. 3, the 3D yaw θ is estimated using
a multilayer perceptron (MLP)–based yaw estimator, which
takes the 2D keypoints detected in the previous step as
input. The input comprises 12 semantic keypoints (each
with 2D coordinates, forming a 24-dimensional vector), a
2D direction vector (four dimensions), and the height-to-
width ratio of the 2D bounding box (one dimension). The
12 keypoints are predefined to represent the front and rear
wheels, indicating the headlights, and to mark the rooftop

corners. The direction vector is computed as the mean (x,
y) coordinates of six front-facing keypoints and the six
rear-facing keypoints. The bounding box ratio serves as a
geometric prior that correlates with yaw. Resulting in a 29-
dimensional input to the MLP, comprising two hidden layers
with 128 units and a sigmoid output layer that predicts θ.

3) Prior-guided Autoencoder: The predicted 3D yaw an-
gle θ serves as a global geometric prior for reconstructing
occluded keypoints. We propose an autoencoder that com-
bines global and local geometric priors. The network consists
of an encoder and a decoder, each with two fully connected
layers, batch normalization, and a LeakyReLU activation.

In the training stage (blue arrows in Fig. 3), the CarFusion
dataset provides the GT 2D coordinates of 12 keypoints
concatenated with the yaw θ as input, and the network is
trained to minimize the difference between the input and
the reconstructed output. In the inference stage (red arrows),
the 12 partially observed 2D keypoints under occlusion
concatenated with the predicted yaw θ are used as the model
input. Since the model is trained only with GT keypoints,
it reconstructs occluded ones based on learned structural
patterns. θ provides coarse pose cues, and symmetry-based
local geometric priors based on edge lengths and angles
consistently observed across the dataset further enhance the
reconstruction performance. The loss function is defined as:

Lae = Lae
rec + λsymLae

sym, (2)

where Lae
rec is the reconstruction loss, Lae

sym is the structural
symmetry loss, and λsym balances the two terms.

The reconstruction loss minimizes the discrepancy be-
tween the predicted and input 2D coordinates, encouraging
the autoencoder to recover a coherent set of keypoints from
partial observations. It is defined as the mean Euclidean
distance between the predicted and input 2D coordinates:

Lae
rec =

1

12

12∑
i=1

∥∥∥k̂i − ki

∥∥∥
2
, (3)

where k̂i and ki denote the reconstructed and input 2D
coordinates of the i-th keypoint, respectively.

The symmetry loss enforces geometric consistency with
edge-length and angle terms:

Lae
sym = Lae

len + Lae
ang, (4)

where Lae
len penalizes asymmetric edge lengths and Lae

ang
penalizes inconsistent angles between symmetric keypoint
triplets. Both terms are normalized to [0, 1], requiring no
additional weighting.

The edge-length symmetry loss Plen is computed over a
predefined set of symmetric edge pairs Plen:

Lae
len =

1

|Plen|
∑

(a,b; c,d)∈Plen

(
∆ab,cd

Zab,cd

)2

, (5)

∆ab,cd =
∥∥∥k̂a − k̂b

∥∥∥
2
−
∥∥∥k̂c − k̂d

∥∥∥
2
, (6)

Zab,cd = max
(∥∥∥k̂a − k̂b

∥∥∥
2
,
∥∥∥k̂c − k̂d

∥∥∥
2

)
+ ε, (7)
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Fig. 4: Illustration of the frequency-based global-local depth
predictor.

where ε is a small constant to avoid division by zero.
The angle symmetry loss Pang is computed over a prede-

fined set of symmetric triplet pairs Pang:

Lae
ang =

1

|Pang|
∑

(a,b,c; d,e,f)∈Pang

(
∆∠

abc,def

2

)2

, (8)

∆∠
abc,def = cos∠(k̂a, k̂b, k̂c)− cos∠(k̂d, k̂e, k̂f ), (9)

cos∠(u, v, w) =
(u− v) · (w − v)

∥u− v∥2∥w − v∥2
. (10)

These priors, based on edge lengths and angles, enable
robust reconstruction from occluded keypoints.

C. Frequency-based Global-local Depth Predictor

Existing monocular 3D object detectors derived from
[2], which estimate depth without extra sensor data, have
garnered attention due to their cost-efficiency. However,
depth estimation methods based on the convolutional neural
network suffer from spectral bias, where neural networks
favor low-frequency components over high-frequency ones.
This bias causes blurry predictions and loss of fine details,
especially under occlusion where high-frequency cues (e.g.,
edges, or boundaries) are crucial. This work adopts an FDP
to address this, which processes feature representations in
the frequency domain. Applying the Fourier transform allows
the model to capture and balance low- and high-frequency
components better. This strategy mitigates spectral bias, and
improves the robustness of depth estimation under partial
occlusion by preserving critical structural cues.

Figure 4 depicts the proposed FDP, which estimates the
depth of objects using the Fourier transform inspired by Chi
et al. [41]. The FDP receives integrated multiscale features
extracted from three layers of the ResNet-50 backbone. The
integrated feature map X l,g

t ∈ RC×H×W is split along the
channel dimension: the local focus feature X l

t and global
focus feature Xg

t , where X l
t, X

g
t ∈ RC

2 ×H×W . The local
branch preserves fine-grained spatial details using a stan-
dard convolution, whereas the global branch captures long-
range dependencies in the frequency domain via spectral
transformation. The input X l,g

t passes through a fast Fourier

Fig. 5: Illustration of the relational graph refinement.

convolution, as follows:

X l,g
t+1 = [X l

t+1;X
g
t+1] ∈ RC×H×W , (11)

Xg
t+1 = W l

1 ∗X l
t + Y g

t , (12)

Y g
t = W g

2 ∗
(
F−1 (W g

3 ∗ F(W g
4 ∗Xg

t )) +W g
4 ∗Xg

t

)
,

(13)

X l
t+1 = W l

5 ∗X
g
t +W l

6 ∗X l
t, (14)

where F and F−1 denote the Fourier and inverse Fourier
transforms, respectively, and ∗ represents a convolutional
operator. Equation (11) is applied twice in succession to
enhance the feature representation, then the resulting output
feature is added to the input X l,g

t via a residual connection.
Next, this composite block is repeated three times to estimate
the depth features progressively.

D. 3D Detection Decoder with Keypoint Embedding

The 3D detection decoder refines queries by sequen-
tial cross-attention that integrates depth and keypoint cues.
Learnable object queries are initialized from the last-layer
outputs of a 2D detection transformer. Visible 2D keypoints
k̂ are embedded into geometry-aware positional encodings,
while depth features are extracted from an FDP. At each de-
coder layer, the queries first attend to depth features via depth
cross-attention, and then to the 2D keypoints k̂ embedded
into spatial positional encodings via keypoint cross-attention.
Inspired by MonoDGP [3], the updated queries undergo self-
attention and subsequently interact with multi-scale visual
features through visual cross-attention. Finally, the updated
queries are processed using a feedforward network and MLP-
based detection heads to predict the 3D object boxes B′

3D.

E. Relational Graph-based Refinement

The B′
3D produced by the 3D detection decoder is pre-

dicted independently for each object, which can cause in-
complete geometry under occlusion. This work proposes a
relational graph refinement module that uses graph reasoning
to transfer the higher accuracy of non-occluded objects,
refining coarse 3D bounding boxes of occluded ones.

As Fig. 5 illustrates, the relational graph refinement mod-
ule receives the initial bounding boxes B′

3D as input. The
refinement process merges predicted bounding boxes based
on the degree of overlap. The refined bounding boxes are
concatenated with the corresponding k̂ and θ obtained from
the occlusion-robust 2D keypoint detection module. In the
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graph construction block, the concatenated features pass
through two linear layers to produce node embeddings N .
A pairwise distance matrix is computed based on the 3D
bounding box centers, and edges E are formed by connecting
pairs of nodes whose centers are adjacent in Euclidean space.
The constructed graph features are processed using multiple
graph interaction blocks, where each bounding box (node)
is influenced by its adjacent bounding box (neighbor nodes)
through the E defined in the graph. Each block contains two
graph convolutional layers, which aggregate neighborhood
features, followed by a linear layer that predicts residual
updates ∆B3D for each node. The final refined 3D boxes
B3D are obtained by adding these ∆B3D to the B′

3D. All
3D detection modules in MonoKey, except for the occlusion-
robust 2D keypoint detection, are optimized with a unified
3D detection loss [3].

IV. EXPERIMENTS

A. Datasets

This work presents experiments conducted on the KITTI
benchmark [42], comprising 7,481 annotated images. The
dataset is split into 3,712 frames for training and 3,769
frames for testing. Following the standard protocol, we eval-
uated the accuracy using the 3D average precision metrics:
AP3D for 3D object detection and APBEV for the bird’s eye
view localization, both computed across 40 recall thresholds.
The evaluation is performed at an intersection-over-union
(IoU) threshold of 0.7.

This work additionally employs the Dense dataset [43],
which targets diverse weather conditions such as clear,
snowy, rainy, and foggy, and comprises about 10,979 images
and it was reformatted to the KITTI style. This work also
uses the CADC dataset [44], focused on snowy weather,
contains about 7,001 images. Both datasets were evaluated
using the APBEV metric at an IoU threshold of 0.5.

B. Implementation Details

MonoKey was trained for 95 epochs and was configured
with a learning rate initialized to 2e-4 and a batch size
of 4 on an RTX-4080 GPU. The AdamW optimizer with
weight decay was employed. In the occlusion-robust 2D
keypoint detection module, the 2D detector and 2D keypoint
detector adopted DLA-34 as the feature backbone. Moreover,
a symmetry-aware regularization hyperparameter λsym was
introduced and set to 1 during training.

C. Results

We evaluated the performance of the proposed method
against SOTA monocular 3D object detection methods via
quantitative comparisons and qualitative visualizations to
demonstrate its effectiveness. In each table, the bold and
underlined fonts indicate the best and second-best scores.

Table I compares the performance of monocular 3D object
detectors on the KITTI dataset. While the overall perfor-
mance improvement over baselines such as MonoDGP ap-
pears modest, the gains are more pronounced under moderate
and hard levels. Moreover, occlusion is defined by calculating

TABLE I: Results of monocular 3D object detectors on the
KITTI dataset for the car class.

Metric AP3D(%) ↑ APBEV (%) ↑
Difficulty Easy Moderate Hard Occlusion Easy Moderate Hard Occlusion

DEVIANT [12] 24.63 16.54 14.52 15.35 32.60 23.04 19.99 21.23
MonoDTR [4] 24.52 18.57 15.51 16.12 33.33 25.35 21.68 22.37

MonoDETR [2] 28.84 20.61 16.38 17.64 37.86 26.95 22.80 24.17
MonoCD [11] 26.45 19.37 16.38 17.20 34.60 24.96 21.51 23.02
MonoDGP [3] 30.76 22.34 19.02 20.33 39.40 28.20 24.42 26.54

Ours 31.61 23.39 20.19 23.38 39.78 29.42 25.81 29.29

TABLE II: Results of monocular 3D object detectors on the
CADC and Dense for the car class.

Metric APBEV (%)
Dataset CADC Dense
Weather Snow Clear Rain Snow Fog

MonoDETR 2.71 17.58 0.89 1.98 0.76
MonoCD 1.28 16.33 0.87 1.72 0.38

MonoDGP 2.27 18.70 0.25 1.81 0.34
Ours 9.09 18.92 1.12 4.55 3.03

the IoU overlap between 2D bounding boxes, where objects
with an IoU overlap ratio of 20%–60% are regarded as
occluded cases. The IoU range is set to 20%–60% since
it corresponds to the most frequent occlusion ratios in real
driving datasets. Under this setting, MonoKey achieves the
best performance. This indicates that MonoKey is particu-
larly effective in occlusion scenarios where structural cues
are severely degraded, highlighting its practical robustness
in real-world autonomous driving environments.

To further validate robustness under diverse weather,
which can also be regarded as a form of partial occlusion,
Table II presents the cross-dataset evaluation results, where
the models were trained and evaluated on both the CADC
and Dense datasets. Compared with recent approaches, our
method achieves the highest performance. Although prior
methods often collapse to near-zero under severe weather,
our approach remains more robust.

To better illustrate the quantitative findings, Figure 6
presents visual comparisons of MonoDGP and MonoKey
on the KITTI and CADC datasets, including both image-
based results and their BEV representations. While Mon-
oDGP misses predictions for occluded objects, MonoKey
demonstrates effective detection under occlusion. In addition,
Figure 7 presents the reconstructed keypoints for the car class
in the KITTI dataset. In the top row, the three images on the
left illustrate cases where keypoints are directly predicted
from partially visible input. In contrast, the bottom row
shows that the proposed prior-guided autoencoder recon-
structs coherent keypoints, restoring the correct object shape
even under challenging conditions. The two images on the
right depict cases where the object is partially cropped by
the image boundary. In the top row, direct predictions fail to
infer missing parts, whereas in the bottom row, the proposed
method uses structural constraints to recover keypoints close
to the original shape, showing robust reconstruction under
boundary-induced limitations.

Complementing Fig. 7, Table III reports the keypoint
detection accuracy on CarFusion in terms of percentage of
correct keypoints (PCK) at thresholds 0.05 and 0.1. Since
the KITTI dataset does not provide GT keypoints, the quan-
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Fig. 6: Results of the 3D object detectors, (a) MonoDGP,
(b) MonoKey, on KITTI and CADC. Purple boxes: missed
predictions; blue boxes: correct predictions.

Fig. 7: Visual results of the reconstructed keypoints using
the proposed prior-guided autoencoder on KITTI.

TABLE III: Keypoint detection accuracy on CarFusion.

Method All cases Occluded cases
PCK@0.05 ↑ PCK@0.1 ↑ PCK@0.05 ↑ PCK@0.1 ↑

CenterNet 0.818 0.908 0.719 0.853
Ours 0.879 0.929 0.816 0.896

TABLE IV: MAE of the 3D yaw estimator on KITTI.

Metric MAE (rad) ↓
MonoDGP 0.270

Ours 0.185

titative evaluation is conducted on CarFusion. Our method
achieves higher accuracy than CenterNet in both cases, due
to the reconstruction of occluded keypoints. Subsequently,
Table IV presents the mean absolute error (MAE) of the
3D yaw estimation. Our method demonstrates more accurate
yaw prediction than the baseline.

Table V compares the complexity of monocular 3D object
detectors, evaluated in terms of the number of parameters,
FLOPs, and latency. Although the integration of keypoint
and graph refinement modules slightly increases the number
of parameters and computational cost, resulting in a modest
overhead in inference time, this additional cost is minor rela-
tive to the substantial performance gains under occlusion. To
further mitigate latency, our design processes the visual en-
coder and depth predictor in parallel, while the 2D detection
decoder is shared across both the 2D keypoint detector and
the 3D detection decoder. With 48M parameters, the model
remains within a range that is feasible for deployment on
modern embedded platforms (e.g., NVIDIA Jetson Xavier).
It can be considered acceptable for real-time robotics ap-
plications, where robustness against occlusion is important.
Our future work will focus on reducing complexity of the
3D detector backbone for lightweight deployment.

TABLE V: Computational complexity comparison on the
KITTI dataset.

Metric Params (M) ↓ FLOPs (G) ↓ Latency (ms) ↓
MonoDTR 54.27 117.96 62.81

MonoDETR 35.93 119.44 38.87
MonoCD 41.96 171.20 42.36

MonoDGP 38.90 68.99 33.16
Ours 47.84 85.85 39.34

TABLE VI: Ablation study for the MonoKey on KITTI.

Occlusion-robust

2D Keypoint Detection
Frequency-based

Global-local
Depth Predictor

Relational Graph
Refinement

AP3D (%) ↑
(occluded cases)Raw

keypoint
Reconstructed

keypoint

✓ ✓ ✓ 23.38

✓ ✓ ✓ 22.08

✓ ✓ 22.76

✓ ✓ 22.89

20.33

TABLE VII: Detection variation with λsym on KITTI at
moderate difficulty.

λsym 0 0.5 1 1.5 2
AP3D% ↑ 22.56 22.93 23.39 22.99 22.84

D. Ablation Study

Table VI presents the ablation study that evaluates the
effectiveness of each proposed component under occluded
cases. In each row, the activated modules are indicated by a
check mark (✓). The first row shows the performance when
all modules are enabled, achieving the best result. The sec-
ond, third, and fourth rows correspond to the removal of the
reconstructed keypoint, FDP, and relational graph refinement,
each leading to a drop in accuracy. The final row represents
the baselines, resulting in the lowest performance. The
ablation study demonstrates that each module contributes
to robustness against occlusion, and further shows that the
reconstruction process can realign keypoints correctly even
when they are initially misdetected.

Table VII presents the variations in 3D detection perfor-
mance on the KITTI dataset as the weighting factor λsym

in Eq. (2) is adjusted, highlighting its role in balancing
reconstruction fidelity and symmetry constraints. The best
performance is achieved when λsym is set to 1.

V. CONCLUSION

This paper addresses the limitations of monocular 3D
object detection under occlusion by proposing a keypoint-
based approach, MonoKey, which estimates keypoints and
reconstructs occluded regions using prior structural sym-
metry characteristics. Moreover, MonoKey enhances the
depth estimation by incorporating global contextual 3D cues.
Further, MonoKey analyzes structural relationships between
objects to refine the bounding boxes. Thus, the proposed
method handles occlusion, outperforming SOTA monocular
3D object detection approaches. While our work focuses on
rigid objects such as vehicles, the framework can naturally
extend to non-rigid categories (e.g., cyclists), for which
semantic keypoints are currently unavailable.
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