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Fine-Grained Multilevel Fusion for Anti-Occlusion
Monocular 3D Object Detection

He Liu , Huaping Liu , Yikai Wang, Fuchun Sun , Fellow, IEEE, and Wenbing Huang

Abstract— We propose a deep fine-grained multi-level fusion
architecture for monocular 3D object detection, with an addition-
ally designed anti-occlusion optimization process. Conventional
monocular 3D object detection methods usually leverage geom-
etry constraints such as keypoints, object shape relationships,
and 3D to 2D optimizations to offset the lack of accurate depth
information. However, these methods still struggle against directly
extracting rich information for fusion from the depth estimation.
To solve the problem, we integrate the monocular 3D features
with the pseudo-LiDAR filter generation network between fine-
grained multi-level layers. Our network utilizes the inherent
multi-scale and promotes depth and semantic information flow
in different stages. The new architecture can obtain features that
incorporate more reliable depth information. At the same time,
the problem of occlusion among objects is prevalent in natural
scenes yet remains unsolved mainly. We propose a novel loss func-
tion that aims at alleviating the problem of occlusion. Extensive
experiments have proved that the framework demonstrates a
competitive performance, especially for the complex scenes with
occlusion.

Index Terms— Monocular 3D object detection, anti-occlusion,
fine-grained multi-level.

I. INTRODUCTION

THIS paper focuses on accurate 3D object detection based
on a monocular image. Monocular 3D object detection is

particularly essential and fundamental in robotics, autonomous
driving, and machine cognition, involving diverse applications
ranging from object detection and robot grasping to advanced
augmented reality and automatic storage. One critical point of
3D object detection from a monocular image is to compute
the 3D information, such as the depth between the object and
the camera. Compared to using the point cloud data, multi-
view geometry images, and CAD data, estimating 3D object
information with a monocular image is very challenging due
to the limited visual information available. In other words, the
task remains primarily unsolved, though it has drawn much
attention.
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Fig. 1. Sample numbers of different occlusion levels are collected based on
the KITTI dataset. Occlusion happens all the time in real traffic, such as traffic
jams, narrow roads, the parallel cars changing lanes. We categorize the level
of occlusion into four classes: non-occlusion, part-occlusion, heavy-occlusion,
and unknown.

Recent monocular 3D object detection can be roughly
divided into two pipelines, including image-based methods
[1]–[3] and pseudo-LiDAR methods [4]–[6]. The image-
based methods utilize the relationship between the 2D
bounding box and properties of a 3D object as the geometry
constraints. These constraints are formulated as different
convex optimization problems and different terms in loss
function to improve detection results. The pseudo-LiDAR
methods consider traditional 2D convolutional as the
bottleneck as it cannot capture accurate depth information.
Hence pseudo-LiDAR methods usually convert the RGB
images into pseudo-LiDAR maps to mimic the LiDAR signal.

However, image-based methods still struggle with represent-
ing 3D structures, capturing meaningful local object scale in
3D, and structure information because of the following two
factors. (1) Due to the loss of depth dimension in monocular
images, the two objects with the same shape in the different
distances can be seen at a different scale in the image coordi-
nate. It is difficult for traditional 2D convolutional kernels to
learn the objects with different scales simultaneously. (2) The
two objects have overlap in the image coordinates. They are
hard to distinguish given the monocular condition, as there
is not enough physical information like depth in a natural
scene. In that case, a convolutional filter is hard to distinguish
whether a pixel belongs to the foreground or the background.
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Although several promising pseudo-LiDAR approaches
[4]–[6] have been proposed to give new perspectives, they
remain two key issues. (1) The pseudo-LiDAR approaches
heavily rely on the accuracy of the estimated depth maps.
However, the point clouds generated by the monocular
images are always coarse and far from accurate, result-
ing in inaccurate 3D predictions. In other words, the
coarse and inaccurate pseudo-LiDAR is the bottleneck of
monocular 3D object detection. (2) Although pseudo-LiDAR
methods are good at extracting spatial information, it is
difficult for them to employ high-level semantic information
effectively. Unreliable features generate false-positive sam-
ples and reduce the performance of monocular 3D object
detection.

Apart from the issue discussed above, different occlusion
levels are tricky for monocular 3D object detection in real
traffic. Most of the researches, such as [1], [3], [7], regard
all the objects in different occlusion levels in the same way.
In some datasets, such as KITTI, the sample numbers of
different occlusion levels are imbalanced. The sample numbers
of non-occlusion are always more extensive than that of
part-occlusion or heavy-occlusion. Hence, part-occlusion and
heavy-occlusion can be complex examples, and non-occlusion
is easy. The network should pay more attention to complex
examples to get better performance.

We propose a novel structure termed fine-grained multi-
level fusion (HMF) to address the first two problems. These
structures can compensate for the surrounding, spatial, and
local scale information that cannot be learned in one branch.
Besides, the structure of fine-grained multi-level layers utilizes
the inherent multi-scale and promotes the depth and semantic
information flow in different stages. We propose a novel
loss termed anti-occlusion loss to address the third problem.
The new loss can pay more attention to the hard examples
and automatically adjust the importance and weight of the
generated object during training.

In summary, our main contributions to this paper are the
following:

• We propose a novel component for 3D object detection,
termed fine-grained multi-level fusion. The fine-grained
multi-level fusion structure can capture more reliable
features, superior in obtaining features with more accurate
depth information and more abundant semantic informa-
tion.

• We propose a novel loss for occlusion in the actual
scene, termed anti-occlusion loss. The new loss can
automatically adjust the weight of the estimated object
during training.

• We design a one-stage network architecture for monoc-
ular 3D object Detection surpassing all current methods
on the challenging dataset.

II. RELATED WORK

A. Pseudo-LiDAR Based Monocular 3D Detection

Previous pseudo-LiDAR monocular methods [4]–[6] convert
the image-based depth maps to pseudo-LiDAR representa-
tions for mimicking the LiDAR signal. The pseudo-LiDAR

monocular methods utilize LiDAR-based 3D detection. The
problem transfers to use point cloud data to predict the 3D
detection. For example, [4] first predicts the depth map from
given monocular images, followed by back-projection it into
a 3D point cloud in the LiDAR coordinate system. After
obtaining the pseudo-LiDAR representations, the network can
process the input exactly like LiDAR - any LiDAR-based 3D
detection method can be applied. [5] leverages a standalone
module to transform the input data from the 2D image plane
to the 3D point clouds space for a better input representation,
then perform the 3D detection using PointNet backbone net
to obtain objects’ 3D information. [5] proposes a multi-modal
features fusion module to embed the complementary RGB
cue into the generated point clouds representation. However,
converting the monocular image to pseudo-LiDAR causes a
depth loss of accuracy, and the methods rely heavily on the
accuracy of the depth map. In contrast, our method considers
pseudo-LiDAR representations as filter kernels to learn better
3D information from RGB images.

B. Image-Based Monocular 3D Detection

In the previous works, image-based monocular 3D detec-
tion methods use a similar framework with 2D detection
[8], [9]. However, the methods are struggled with estimating
the 3D coordinates (x, y, z) of the object center since the
monocular image cannot decide the absolute physical location.
Hence, previous monocular 3D detection methods [2], [3],
[10] usually make assumptions about the relative geometry
between the object in the scene and use the relative geom-
etry as a constraint to train the 2D to 3D mapping. [3]
encode spatial constraints for partially-occluded objects from
their adjacent neighbors. The proposed detector computes
uncertainty-aware predictions for object locations and 3D
distances for the adjacent object pairs, subsequently jointly
optimized by nonlinear least squares. MDPCNN [11] utilizes
a fusion mechanism to combine deep learning features from
different inputs. [1] predicts the nine perspective key points
of a 3D bounding box in image space and then utilizes the
geometric relationship of 3D and 2D perspectives to recover
the dimension, location, and orientation in 3D space. [12]
infer the 3D IoU between the 3D proposals and the object
solely based on 2D cues. To introduce more prior information,
[13]–[15] design different 3D anchor templates to get better
object geometry. [16] proposes aggregate losses, including a
novel projection alignment loss, and generates a point cloud in
an object-centered coordinate system to learn local scale and
shape information. [17] proposes a novel loss formulation by
lifting 2D detection, orientation, and scale estimation into 3D
space and uses 3D synthetic data augmentation via inpainting
recovered meshes directly onto the 2D scenes. However, as 2D
image features struggle with representing 3D structures, the
above geometric constraints are not easy to restore accurate
3D information of objects from a single monocular image.
Hence, our motivation is to utilize the depth information,
which essentially complements the information between 2D
and 3D representation, to guide learning the 2D to 3D feature
representation.
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C. Dynamic Networks

Some existing techniques are proposed to exploit the depth
information for monocular 3D detection. [10] proposes depth-
aware convolution, which designs several fixed non-shared
kernels in the row-space to learn depth information spa-
tially. However, the fixed and non-shared kernels can only
extract the spatial division, failing to capture depth information
accurately. [18] uses the sample-specific and position-specific
filters to exploit more surrounding information; however, the
method also fails to solve the problem of 2D convolutions
in monocular 3D object detection. [7], [19], [20] are also
fail to capture object scale and local depth information as
well. [21] designs a structure termed depth-guided dynamic
depthwise dilated LCN (D4LCN), where the filers and their
receptive fields can be automatically learned. However, the
method does not let the depth of information flow through
different levels. [22], [23] are methods for exploring interac-
tion of features in multi-modal fusion. However, our method
incorporates dot product fusion, which introduces the quadratic
feature interaction of the modal channel itself. In this work, our
fine-grained multi-level fusion for anti-occlusion monocular
3D object detection is proposed to solve the two problems
associated with the occlusion between the object and let the
depth information more circulating between 2D convolution
and pseudo-LiDAR based 3D processing.

D. Occlusion Handling

Occlusion is widespread in pedestrian-related tasks. Many
loss algorithms [24]–[26] for pedestrian detection are designed
to solve the problem of occlusion in crowded people. Bayesian
loss [24] builds a density contribution probability model from
the point annotations to solve the crowd counting. Repulsion
loss [27] designs two terms named the attraction term and
the repulsion term to solve the occlusion. The attraction
term is used to shrink the gap between a proposal and its
associated target. The repulsion term is designed for pushing
away surrounding non-target objects. [25], [26] utilize the
three-dimensional geometric relationship in space for mathe-
matical modeling, establish the characteristics of the occlusion
module, and improve the accuracy of the occlusion problem.
Our anti-occlusion loss are motivated by [28], [29]. The
methods of [28], [29] improve the imbalanced distribution of
hard proposals in singe stage object detection.

III. METHODOLOGY

In this section, we detail our proposed one-stage 3D detector
for monocular 3D object detection, which is comprised of two
key components: a fine-grained multi-level fusion structure
(see Figure 2), and an anti-occlusion optimization design.

A. Fine-Grained Multi-Level Fusion Structure

As shown in Figure 2, our overall network architecture
can be summarized into a two-branch network: a feature
extraction network and a filter generation network. The feature
extraction network takes an input I ∈ R

h×w×c and output
In ∈ R

hn×wn×cn , where h, w, c are the height, width and

number of channels of the input I , respectively. hn, wn, cn are
height, width, and number of channels of the output In at layer
n, respectively. The monocular depth estimation is applied to
input I ∈ R

h×w×c to generate an depth map D = H (I ),
with D ∈ R

h×w×c/3. H (·) is monocular depth estimation
network. We concatenate D three times on the third channel
to let the Dn have the same channel with In and we can
get D∗ ∈ R

h×w×c . The filter generation network takes an
input D∗ ∈ R

h×w×c . It outputs activation Fn ∈ Rhn×wn×cn .
Different filters are applied to the different position outputs
of the feature extraction network In ∈ R

hn×wn×cn : for each
position (i, j) of the input In , a specific local filter Fn

(i, j ) is
applied to the region centered around In to generate an output:

G(i, j )
n = Fn

(i, j ) ⊗ In
(i, j ), (1)

with Gn ∈ Rhn×wn×cn . ⊗ means the operation of element-wise
multiplication.

We propose the channel swap operation to encourage the
interaction of feature extraction network and filter generation
network information flow across channels. As shown in Fig-
ure 3, when given two inputs In and Fn , the channel swap
fuses two inputs by exchanging inputs corresponding to half
of the channels. The channel swap operation can be described
as:

J (In, Fn) = In[1, . . . ,
cn

2
]||Fn [

cn

2
, . . . , cn]

J (Fn, In) = Fn [1, . . . ,
cn

2
]||In[cn

2
, . . . , cn], (2)

where J (·, ·) is a fused operation between two inputs, ||
indicates channel-wise concatenation.

After the channel swap operation, we can get feature pixels
În ∈ Rhn×wn×cn within the feature extraction map and filter
pixels F̂n ∈ Rhn×wn×cn within the filter generation map. For
simplicity, we omit subscript n in the following text. Following
by the 1 × 1 convolutional network and activation function,
we can get the zk′ ∈ Rh×w which is obtained after the channel
swap module operation. k ′ indicates the k ′-th channel of the
output activation.

zk′ = (

c
2∑

k=1

βk I k +
c∑

k= c
2 +1

βk Fk) ⊗ (

c
2∑

k=1

δk Fk +
c∑

k= c
2 +1

δk I k)

(3)

where βk and δk are weights of the k ′-th filters in the 1 × 1
convolutional layers.

From equation 3, we can conclude that our channel swap
module is feature quadratic interactions. Besides, compared
with the method not applying our channel swap module, our
channel swap module could have feature quadratic interac-
tions within the modality. The Figure 4 illustrates a sketched
comparison.

According to the formulation, the channel swap module
carries no additional parameters and is FLOP-efficient to
the multi-fusion part. The channel swap module introduces
channel-wise feature and filter interactions across inputs,
making the networks more effective for information flow.
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Fig. 2. Overview of the proposed network architecture approach for monocular 3D object detection. The depth map is first generated from the single
monocular RGB image using method [30]. The fine-grained multi-level fusion structure is used to fuse two networks of each stage. The details of the feature
channel swap module are shown in Figure 3. A one-stage detection head with Non-Maximum Suppression (NMS) and the transformation between the estimated
parameters and the parameters in the camera coordinate system is used after the fine-grained multi-level fusion structure in the proposed network.

Section “Experiment” illustrates that our fine-grained multi-
level fusion structure could improve predictions for different
occlusion level objects.

We consider integrating the fine-grained multi-level fusion
structure into convolutional networks. We adopt residual
blocks of ResNet [31] as an example. We use the last fea-
ture map of every stage as the input of every level fine-
grained multi-level fusion structure. After the ResNet network
architecture, the network always uses the ReLU activation
function and the dropout layer after the convolutional and
batch norm layers. If we use the feature after the operation
of the dropout layer fuse with the filter kernels, many filter
kernels would equal zero causing a considerable amount of
information loss. Hence, we add a 1 × 1 convolution after
the dropout layer, followed by the T anh activation function
instead of ReLU . Because of the T anh activation function
characters, few feature maps or the kernel filters are equal to
zeros.

The filter generation network is trained and generated by
the depth map based on a monocular image. Hence, it is
both sample-specific and position-specific, capturing the sur-
rounding depth information. In the fine-grained multi-level
fusion structure, the depth feature maps are considered the
filter kernels of the feature extraction network. The features
generated by the feature extraction network are mutually
considered the filter kernels of the depth feature maps. Hence,
different kernels can have different functions. These structures
can compensate for the surrounding, spatial, and local scale
information that cannot be learned in one branch. Besides,
the structure of fine-grained multi-level layers utilizes the
inherent multi-scale and promotes the depth and semantic
information flow in different stages. We can also understand
the element-wise product operation of the network in another
more intuitive way: the network tends to respond more obvi-
ously to the feature pixels, which have high responsiveness
both in the feature extraction network and filter generation
network.

Fig. 3. Proposed channel swap module that are part of the fine-grained
multi-level Fusion structure. In the figure, we utilize a hat sign to represent
the fused features and filters, i.e. În = J (In , Fn), F̂n = J (Fn, In). Channel
swap module exchanges half of features and filters with respect to the same-
indexed channels.

Our network architecture has a new branch that uses another
1 × 1 convolutional layer to generate q, used in the next
section. Besides the estimated parameters shown in Figure 2,
no other parameters are predicted during training. How-
ever, we still have the best performance on the benchmark,
illustrating our proposed network architecture’s consistent
effectiveness.

B. Anti-Occlusion Optimization

In this part, we propose an anti-occlusion optimization
process with an anti-occlusion loss designed to address the
one-stage monocular 3D object detection scenario with differ-
ent occlusion levels. We introduce the anti-occlusion loss from
the cross-entropy (CE) loss for multi-class occlusion classifi-
cation. Given a probability vector p = {py}C

y=1, a multi-class
CE loss with so f tmax as activation function can be written
as:

C E( p, y) = − log py = − log
exp( fy)∑C

c=1 exp( fc)
(4)
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Fig. 4. A sketched comparison of feature quadratic interactions when not
applying and applying the channel swap module. The channel swap module
could not only have feature quadratic interactions between two modalities but
also have feature quadratic interactions within one modality.

where f = { f y}C
y=1 ∈ R

C is the logit vector produced by the
last fully-connected layer applying the linear classifier to the
feature vector. y ∈ {1, . . . , C} specifies the ground-truth class
label. C is the number of categories.

1) Balanced Occlusion Loss: A standard method for
addressing occlusion in 3D object detection is introducing
a new occlusion loss. A weighting factor α ∈ [0,+∞) is
introduced to balance the classification and occlusion losses.
In practice, α may be treated as a hyperparameter, and we
write the balanced occlusion loss as:

Lbalanced_occ = αC E( p, y) + (1 − α)C E(q, y ′), (5)

where q is the occlusion probability vector. y ′ specifies the
ground-truth occlusion label.

This loss is a simple extension to CE that we consider an
experimental baseline for our proposed anti-occlusion loss.

2) Anti-Occlusion Loss: From Equation 5, we can find the
term C E( p, y) and the term C E(q, y ′) are two individual
loss without any relationship. The hyperparameter α is fixed
during training and cannot adjust according to different level
occlusion samples. Easily classified non-occlusion samples
comprise most of the loss and dominate the gradient. Moti-
vated by [28], [29], while α balances the importance of
C E( p, y) loss and C E(q, y ′) loss, it does not differentiate
between non-occlusion examples and different level occlusion
examples. Instead, we propose to reshape the classification
loss function to up-weighted hard level occlusion examples
and focus training on hard level occlusion examples.

More formally, we propose to add a modulating factor φ(q)
to the classification loss, with q estimated by the network.
We define the anti-occlusion loss as:

Lclass( p, q) = −φ(q) log py − log qy, (6)

where φ(q) is defined as:
φ(q) = wT q, (7)

where w is the weight vector of different level occlusion.
We note two properties of the anti-occlusion loss. (1) When
an example is heavy level occlusion, the modulating fac-
tor increases, affecting the loss. While an example is non-
occlusion, the modulating factor is closed to 1, and the

loss is unaffected. As shown in Figure 1, we assume that
the occlusion category is non-occlusion, slight occlusion,
and heavy occlusion, which are annotated as 1, 2 and 3,
respectively. Then the value w = [0, 1, 2, 3], where 0 means
the background category. If the model’s estimated occlusion
probability vector is q = [0, 0.1, 0.8, 0.1] which means the
model consider the proposal as slight occlusion, we can get
φ(q) = 2.0. The modulating factor can adjust the weight
according to the level of occlusion. (2) The modulating factor
smoothly adjusts the rate at which non-occlusion examples
are down-weighted. If the model’s estimated probability is
q = [0, 1.0, 0.0, 0.0] which means the model consider the
proposal as non-occlusion, we can get φ(q) = 1. The weight
term of log py is degraded to the term without the modulating
factor φ(q).

In conclusion, the modulating factor extends the loss con-
tribution from occlusion objects and reduces the influence in
which an example is easy to detect. In our experiment, learned
from [28], we use the loss layer’s implementation combining
the so f tmax operation for computing p and q with the loss
computation, resulting in more excellent numerical stability.

3) Overall Loss: Our overall loss contains the
anti-occlusion loss for classification, a 2D regression
loss, a 3D regression loss:

L = Lclass + L2D + L3D, (8)

Lclass , L2D , L3D are the anti-occlusion loss, 2D regression
loss and 3D regression loss, respectively.

In our work, for both 2D regression loss and 3D regression
loss, we use the traditional SmoothL1 regression losses. The
specific definition is as follows:

L2D = SmoothL1
([

x ′, y ′, h′, w′]
2D , [x, y, h, w]2D

)
, (9)

where
[
x ′, y ′, h′, w′]

2D denotes the estimated 2D information.
[x, y, h, w]2D denotes the corresponding ground truth. x , y
means the upper left corner coordinates, taking the upper left
corner of the image as the origin of the coordinate axis. h, w
means the weight and height of the object.

L3D = SmoothL1
([

w′, h′, l ′, z′, α
]

3D , [w, h, l, z, α]3D
)

+ SmoothL1

([
x ′, y ′]

p , [x, y]p

)
, (10)

where [x, y]p denotes the projected center in image coordi-
nates of the ground truth 3D box, z is its ground truth depth.
[w, h, l]3D denotes the weight, height, length of the object in
image coordinates. [α]3D is the relative rotation to the camera.

Besides the terms in Equation 8, we do not use any other
losses for training. In this way, we reduce the number of
parameters and the complexity of the model.

IV. EXPERIMENTS

In order to verify the generalization and consistent effec-
tiveness of our proposed network architecture, we conduct
experiments with two criteria, including 3D object detection
and bird’s eye view. The benchmark is performed on the KITTI
dataset and ApolloCar3D with natural traffic scenes, mainly
urban city scenes.

Authorized licensed use limited to: Anhui Normal University. Downloaded on June 19,2022 at 15:41:43 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: FINE-GRAINED MULTILEVEL FUSION FOR ANTI-OCCLUSION MONOCULAR 3D OBJECT DETECTION 4055

TABLE I

COMPARATIVE RESULTS ON THE KITTI 3D OBJECT DETECTION DATASET. MOST OF THE METHOD ONLY PROVIDES AP|R11 IN THE PREVIOUS
OFFICIAL EVALUATION METRICS. WE THUS SHOW THE RESULTS ON THE TEST SET IN AP|R40 AND SPLIT1/SPLIT2 IN AP|R11 . WE USE RED

TO HIGHLIGHT THE HIGHEST RESULT AND THE RELATIVE IMPROVEMENT COMPARED WITH THE SECOND-HIGHEST RESULT. THE BLUE

NUMBERS ARE THE SECOND-HIGHEST RESULT. ALL OF THE RESULTS ARE EVALUATED IN THE CLASS CAR.
OUR METHOD ACHIEVES FIVE FIRST AND 1 SECOND IN 6 ITEMS

A. Dataset and Setting

1) KITTI Dataset: The KITTI 3D object detection
dataset [38] is extensively used for evaluating monocular
3D object detection. The dataset consists of 7,481 training
images and 7518 test images and the corresponding calibration
parameters. Our experiments do not need extra data such as
point clouds or Bird’s eye view images in the KITTI 3D
object detection. The dataset comprises 80256 labeled objects,
including three object classes: Car, Pedestrian, and Cyclist.
The official evaluation code defines each detected object as
three difficulty classes (easy, moderate, hard) according to the
object heights, occlusion, and truncation levels. If the object
height is larger than 40, the occlusion level is 0, and the
truncation level is smaller than 0.15, the object is assigned
as “Easy.” In contrast, if the object height is larger than
25, occlusion levels are 0 or 1, and the truncation level is
smaller than 0.30, the object is assigned as “Moderate.” If
the object height is larger than 25, occlusion levels are 0, 1,
or 2, and the truncation level is smaller than 0.50, the object is
assigned as “Hard.” If the detected object is none of the above,
it is assigned as “Unknown.” We use two train-val splits of
KITTI: the split1 [39] containing 3,712 training and 3,769
validation images for validation while the split2 [15] uses
3,682 images for training and 3,799 images for validation.
The dataset provides three tasks about object detection: 2D
object detection, 3D object detection, and Bird’s eye view,
among which 3D object detection is the focus of detection
methods.

2) ApolloCar3D Dataset: The ApolloCar3D dataset is
about autonomous driving, which was released in 2019. The
dataset includes more than 60,000 annotated objects with
5,277 images, and each object has a corresponding CAD
model. However, we did not use the CAD model in training
and testing. ApolloCar3D dataset is about monocular 6D pose
estimation. However, we convert the annotation of 6D pose
estimation to monocular 3D object detection since we know
the CAD model.

3) Evaluation Metrics: We use the official evaluation,
PASCAL criteria, precision-recall curves with the IoU thresh-
old of 0.7 for evaluating our method. Prior to the research
of [37], 11-point Interpolated Average Precision (AP) metric
AP|R11 proposed in the PASCAL VOC benchmark is used.
Proposed by [37], the official evaluation adopts the 40 recall
positions-based metric AP|R40 instead of AP|R11, which
evaluates the result more accurately. We evaluate our method
at three difficulty settings: easy, moderate, and hard, according
to the object’s occlusion, truncation, and height in the image
mentioned above.

4) Implementation Details: Using PyTorch, we train our
network with the machine i9-7900X CPU and four 1080Ti
GPUs (12G for each). We test our network with one 1080Ti
GPU. All networks use ResNet50 as the backbone, initialized
by a classification model pre-trained on the ImageNet dataset.
The fine-grained multi-level fusion structure is used three
times on every stage of the last block of ResNet50. The method
by [30], whose model has already been pre-trained based on
the monocular images, is used for depth estimation. We pad
and resize the original image to 1720 × 512 for training and
testing. We run stochastic gradient descent (SGD) optimizer
with a momentum 0.9 and a weight decay 0.0005. The iteration
number for the training process is set to 40,000 using the
“poly” learning rate policy, the base learning rate to 0.01, and
power to 0.9. Because we find our method remains convergent
and can continue lifting the performance, we add the extra
10,000 iteration number whose learning rate is not adjusted.
Finally, the model costs about one day with batch size eight
training.

The backbone of feature extraction network, i.e. ResNet50,
is pre-trained based on ImageNet classification dataset [40].
To reduce the parameters, we do not use the FC layers. The
max-pooling layer damages the depth information in the deep
feature layer; hence, we only use the max-pooling layer in
the first block of ResNet50. The filter generation network
also uses the ResNet50 backbone and has the same number
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TABLE II

COMPARISON OF OUR METHOD TO MONOCULAR 3D DETECTION
FRAMEWORKS FOR CAR 3D DETECTION, EVALUATED

USING METRIC APB E V ON THE KITTI SPLIT1

TABLE III

ABLATION STUDY ON THE CLASS CAR ON THE KITTI SPLIT1
EVALUATED USING METRIC AP3D . “W/O” MEANS NOT USING

LOSS (ANTI-OCCLUSION LOSS) AND HMF (FINE-GRAINED

MULTI-LEVEL FUSION STRUCTURE). HMF* MEANS

HMF WITHOUT CHANNEL SWAP MODULE

TABLE IV

ABLATION STUDY ON THE CLASS CAR ON THE KITTI SPLIT1
EVALUATED USING METRIC APB E V . “W/O” MEANS NOT USING

LOSS (ANTI-OCCLUSION LOSS) AND HMF (FINE-GRAINED
MULTI-LEVEL FUSION STRUCTURE). HMF* MEANS

HMF WITHOUT CHANNEL SWAP MODULE

of channels and blocks as the feature extraction network.
However, there is a little difference between them: In the last
layer of each block of the filter generation network, we use
the activation function T anh instead of ReLU because of
the fine-grained multi-level fusion character. To make the
filter generation network obtain a larger reception field and
keep the filter feature’s size, we set the dilation rate 2,
padding two, and stride 1 in the last convolutional layer of
ResNet50.

B. Comparative Results

We conduct experiments on two splits of the validation set
of the KITTI dataset and the ApolloCar3D dataset. Table I
includes the top 16 monocular methods in the leaderboard.
We achieve five first and 1 second in 6 items. We can
observe that: (1) Our method outperforms the second-best
competitor based on monocular 3D car detection by a large
margin (relatively 11.9% for 13.12 vs. 11.72 in KITTI test
set, 5.8% for 22.96 vs. 21.71 in KITTI split1 and 14.8%
for 22.43 vs. 19.54 in KITTI split2) under the moderate
setting, which considers as the most crucial setting of KITTI.
(2) Our model is trained end-to-end using the standard

TABLE V

WE COMPARE DIFFERENT FUSION METHODS FOR CAR 3D DETECTION
ON THE KITTI SPLIT1. THE “CONCATENATE” METHOD DIRECTLY

CONCATENATES THE FEATURE MAPS OF THE FEATURE

EXTRACTION AND FILTER GENERATION NETWORKS.
THE “ADD” METHOD USES AN ELEMENT-WISE “ADD”

OPERATION BETWEEN THE OUTPUT

OF TWO BRANCH NETWORKS

TABLE VI

WE COMPARE 3D DETECTION AP3D BASED ON DIFFERENT

TRAINING SAMPLE WEIGHTS FOR THE CAR CATEGORY ON THE

KITTI SPLIT1. N, P, H ARE SHORT FOR THE NON-OCCLUSION,
PART OCCLUSION, AND HEAVY OCCLUSION. N MEANS WE

DO NOT USE ANTI-OCCLUSION DURING TRAINING, WHILE

P MEANS WE ONLY ADD THE TRAINING SAMPLE OF
PART-OCCLUSION WEIGHT

TABLE VII

COMPARISON OF OUR METHOD TO MONOCULAR 3D DETECTION
FRAMEWORKS FOR CAR 3D DETECTION, EVALUATED

USING METRIC AP3D ON THE APOLLOCAR3D

ImageNet pre-trained model, unlike most detectors, such
as [6], [10], [35], [37], pre-train on COCO/KITTI or use
the data augmentation such as multi-stage. However, we still
achieve the state-of-the-art 3D detection results, validating
our structure and loss’s effectiveness to learn 3D information.
(3) After Aug. 2019, the official code uses AP|R40 instead of
AP|R11, however, all existing methods except D4LCN report
the results under the old metric AP|R11. For a fair comparison,
all existing methods report the results under the AP|R11 on
the validation set.

We also compare our method with current image-based
SOTA approaches on APB EV whose precision-recall curves
are for Birds Eye View, as shown in Table II. However, it is
not realistic to list AP|R40 of all previous methods because
most of them are published before the metric of AP|R40. From
Table II, our method outperforms the second-best competitor
for monocular 3D bird-eye view by a large margin (we get
+2.88, +1.16, +0.76, +3.42, +1.35, +0.84 improvement on
the KITTI split1, respectively). From Table VII, our method
lift up 4.13, 2.55 points on the task of 3D detection in
ApollorCar3D dataset.

Authorized licensed use limited to: Anhui Normal University. Downloaded on June 19,2022 at 15:41:43 UTC from IEEE Xplore.  Restrictions apply. 



LIU et al.: FINE-GRAINED MULTILEVEL FUSION FOR ANTI-OCCLUSION MONOCULAR 3D OBJECT DETECTION 4057

Fig. 5. Qualitative Results on KITTI. The ground truth of the car category is in green, and the ground truth of the cyclist category is in yellow,
while predicted 3D bounding box results are drawn in red. The Lidar point cloud data are only plotted for reference but not used in our method.
For each scene, we visualize the 2D object detection (top left), monocular 3D object detection (bottom left), and 3D localization shown in lidar point
cloud (black right).

TABLE VIII

COMPARISON OF OUR METHOD TO MONOCULAR 3D DETECTION

FRAMEWORKS FOR CAR 3D DETECTION, EVALUATED

USING METRIC APB E V ON THE APOLLOCAR3D

TABLE IX

RUNTIME COMPARISON OF OUR METHOD TO MONOCULAR

3D DETECTION FRAMEWORKS FOR CAR 3D DETECTION
ON THE KITTI AND APOLLOCAR3D DATASET

C. Ablation Study

This section provides ablation studies to verify the
validity of our proposed components, i.e., the fine-
grained multi-level fusion architecture and the anti-occlusion
losses.

1) Validity for Fine-Grained Fusion Structure: We make a
comparison among six versions of our model: (1) w/o: the
baseline model without using anti-occlusion loss and fine-
grained multi-level fusion structure (HMF); (2) the baseline
model using anti-occlusion loss without using HMF; (3) using
HMF without using channel swap module; (4) using HMF with
channel swap module; (5) both using anti-occlusion loss and
HMF with channel swap module.

Fig. 6. Ablation Study. According to the occlusion level, the KITTI split1
dataset can be split into three categories: easy, moderate, and hard. We com-
pare different methods in three categories. Enabled by the anti occlusion loss,
our simple monocular 3D detector outperforms previous detectors. We show
variants with different types of loss.

From Table III and Table IV, we can observe that:
(1) The performance continuously increases when the two
novel components are used for 3D object detection and
bird’s-eye view, showing the effectiveness of each component.
(2) Our anti-occlusion loss increases the 3D detection AP
scores of moderate and hard from 21.71, 16.20 to 22.80, 17.52
and from 18.22, 12.30 to 18.88, 13.83 w.r.t the AP|R11 and
AP|R40 metrics, respectively. Our loss also lifts the bird’s-eye
view scores of moderate and hard from 22.10, 18.76 to 26.43,
22.53 and from 17.68, 14.75 to 21.24, 17.48 w.r.t the AP|R11
and AP|R40 metrics, respectively. The performance of only
using the HMF structure is worse than that of only using
anti-occlusion loss on the 3D detection AP scores of moderate
and hard. These suggest that our proposed loss effectively
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Fig. 7. Visualization of feature maps. The first row is the input. The second row is the last feature extraction map. The third row is the last filter generation
map, and the fourth and fifth rows are the last fusion feature maps. C means the feature map channel and we select the 32th and 180th channels of fusion
feature maps for visualization. The response area is dark red. The feature pixels within the object are responsive both in the feature extraction network and
filter generation network. The fusion module could respond more obviously to the feature pixels belonging to the object.

improves the occlusion problem for 3D object detection.
(3) The HMF structure also lifts the performance of the 3D
detection AP scores especially of easy from 26.97, 22.32 to
29.17, 25.63 w.r.t the AP|R11 and AP|R40 metrics, respec-
tively. After combining the component of anti-occlusion loss
with HMF structure, the performance continuously increases
compared with not adding HMF structure. These suggest that
the HMF structure effectively captures the meaningful and
representative local information for 3D object detection.

2) Evaluation of Different Fusion Methods: We compare
three classical fusion methods with our fusion methods.
The first comparative fusion method is “Concatenate,” which
means directly concatenating the features of the feature extrac-
tion network and the filter generation network. The second
comparative fusion method is “Add,” which means adding the
features generated by the filter generation network at every
feature pixel. The third comparative fusion method is D4LCN
reproduced from [7]. As shown in Table V, the results show
that our method surpasses other fusion methods by a large
margin (Compared to the state of the art fusion methods
in monocular 3D object detection, we get relatively +2.2,
+1.02, +0.64, +3.31, +1.11, +0.74 improvement on the
KITTI split1, respectively.). The essence of the fusion method
we designed can be understood as taking the “And” between
different feature pixels. This operation is in line with our

intuitive reasoning: we should make many responses on the
feature pixels, which are more responsive in filter generation
networks and map filter generation networks.

3) Evaluation of Different Loss Settings: As visualized
in Figure 1, the KITTI dataset labels each car object into
4 occlusion categories: 0 (non-occlusion), 1 (part-occlusion),
2 (heavy-occlusion), 3 (unknown). The unknown category
is always not counted during the training and testing in
monocular 3D object detection. According to the number
and level of categories, we design four settings. (1) The
baseline model without using the anti-occlusion loss. (2) The
occlusion classification network predicts the probability of
non-occlusion and part occlusion. The weight setting (wT ) is
[0, 0, 1]T (corresponding to [background, non-occlusion, part
occlusion]), which means solely increasing the weight of part
occlusion and do not enlarge the weight of non-occlusion.
(3) Similar to (2), the occlusion classification network predicts
the probability of non-occlusion and part occlusion. In con-
trast, the weight setting is [0, 1, 2]T . (4) The occlusion clas-
sification network predicts the probability of non-occlusion,
part occlusion, and heavy occlusion. The weight setting is
[0, 1, 2, 3]T . From Table VI, we can find the performance of
“N + P + H” is worse than that of “N + P.” The results are not
inconsistent with our intuition, which adds more samples and
enlarges the hard samples’ weight, increasing the performance.
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Fig. 8. Qualitative Results on ApolloCar3D. The ground truth of the car category is in green, while predicted 3D bounding box results are drawn in red.
We visualize the 2D object detection and monocular 3D object detection for each scene.

Because each proposal is generated by a corresponding pixel
in one stage detector, some pixels may confuse to regress
non-occlusion object to the heavy occlusion object. Supposing
one pixel belonging to part occlusion object needs to regress to
part occlusion object and regress to a heavy occlusion object.
In that case, the network is confused about the pixel belonging,
such as foreground and background. Hence, the best setting
is (3).

4) Evaluation of Different Types of Loss Function: As
shown in Figure 6, we can split the dataset into three categories
(easy, moderate, and hard) according to the occlusion level of
the object. We evaluate our anti-occlusion loss on the three
categories, and the results show our novel loss has better
performance over other methods.

D. Qualitative Results

As shown in Figure 5 and 8, given a single RGB image,
our approach can obtain accurate 2D object detection results
and 3D object detection results, which include 3D location,
object dimension, and 3D orientation. From the results of 3D
localization shown in the lidar point cloud, after using the

proposed method, the 3D object results are accurately detected
even when the objects are crowded and occluded by each
other in the 2D image. As shown in Figure 7, the feature
pixels within the object are responsive both in the feature
extraction network and filter generation network. The fusion
module could respond more obviously to the feature pixels
belonging to the object.

V. CONCLUSION AND FUTURE WORK

This paper proposes a fine-grained multi-level fusion for
anti-occlusion monocular 3D object detection. Our structure
dynamically generates depth kernels and lets the depth kernels
work on different levels and scales of feature maps. The
structure can extract more reliable local representative features
and have better performance. Besides, we propose an online
anti-occlusion loss to make the network architecture pay more
attention to the occluded object samples. Extensive experi-
ments show that our method better captures 3D information
and improves the occlusion problem. The comparative results
have proved that each module is promising and effective.
After evaluating the online leader-board test set, our method

Authorized licensed use limited to: Anhui Normal University. Downloaded on June 19,2022 at 15:41:43 UTC from IEEE Xplore.  Restrictions apply. 



4060 IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 31, 2022

demonstrates competitive performances on the KITTI dataset’s
current monocular 3D object detection methods. We hope our
work could be applied as the perception part in the field of
autonomous driving. One future direction is to extend the
current fusion method to multi-modal tasks and explore the
benefits of multiple modalities. Another extension could be
the exploration of the occlusion problem in videos, which
requires the spatial correspondence between objects in tem-
poral images.
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