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Abstract
In the field of 3D object recognition, monocular 3D recognition technology is a valuable
recognition technology. Compared with binocular technology and lidar technology, its cost
is lower. In this paper, based on the existing monocular 3D recognition network, we propose
an asymmetrical segmentation depth-aware network: ASD-Conv Network, which is used to
better obtain the depth information of monocular images, so as to obtain better recognition
results. Compared with other monocular recognition networks, ASD-Conv network per-
forms special segmentation on the image, which can better obtain the depth distribution of
the image, and has made a good breakthrough and improvement in the image recognition
tasks of 2D, BEV and 3D. The improved algorithm proposed in this paper can improve
the detection accuracy while maintaining a certain real-time performance. Experimental
results show that compared with the current model, the proposed monocular 3D object de-
tection algorithm based on D-ASDConv has an average improvement rate of 2.82%(AP) in
large object detection and the highest average improvement rate of 2.01%(AP) in small ob-
ject detection on Kitti dataset. The algorithm can effectively learn more advanced features
of spatial perception, and the detection results of monocular images are more accurate.
Keywords: Monocular image; 3D object detection, Depth estimation, Asymmetrical seg-
mentation depth-aware convolutio, Self-knowledge distillation

1. Introduction
Object detection technology is currently widely used in many different fields, especially
in the field of autonomous driving in recent years. In the field of autonomous driving,
3D object detection ( Chu et al. (2018); Guerry et al. (2017); Liang et al. (2018); Qi et al.
(2018); Shi et al. (2019); Yang et al. (2018)) is the focus of attention. At present, monocular
images ( Chen et al. (2016, 2015); Mousavian et al. (2017); Xu and Chen (2018)) have been
widely used to estimate 3D detection frames during autonomous driving development ( Behl
et al. (2017); Chen et al. (2018); Geiger et al. (2012)), because simple 2D detection frames
cannot be used for planning and control of 3D space. However, due to the lack of depth
information, the monocular image is much more difficult to perform 3D detection relative
to the sparse depth data provided by the lidar sensor.
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The traditional monocular detection algorithm on the KITTI ( Geiger et al. (2012))
data set has a great difference in the accuracy of the detection results of three types of
objects (such as cars, pedestrians and cyclists), and the results are not ideal. Therefore,
in the face of multiple types of object scenarios, how to improve the detection accuracy of
different objects and make the detection accuracy of different types of objects at a higher
level is a current challenge.

In order to improve the monocular method, we have proposed a separate end-to-end
multi-class 3D object detection network, successfully using 2D and 3D space with shared
anchors and classification objects, and established a unified network architecture. First
of all, we take into account the rule of the camera imaging perspective, we segment the
convolution layer according to special proportions of horizontal stripes, and the accuracy
of the result is significantly improved. With this idea, we then further extended to vertical
strip segmentation. In order to make the network parameters converge faster and more
accurately, we introduced the idea of a distillation mechanism and added a distillation
structure to the detection head to solve the problem of consuming more time and equipment
resources caused by the huge network structure.

In summary, our contributions are as follows:
• We use the 2D and 3D anchor templates of the object objects and segment the new

convolution layer according to a certain proportion of horizontal stripes.
• We extend the vertical strip segmentation based on a certain proportion of horizontal

strip segmentation, and conduct experiments of horizontal and vertical fusion detec-
tion.

• We optimize the network model with Distillation method, using the output weight
model of the trained large model to train the small model with a more concise network
structure.

2. Related Work
As mentioned above, simple 2D detection frames cannot be used for planning and control
in 3D space; although LiDAR-based methods generally perform well in various 3D tasks,
LiDAR-based methods largely depend on the availability of depth information generated
from lidar points, so these methods are not suitable for camera applications; while pure
image-based 3D detection lacks reliable depth information. One of our goals is to better ob-
tain these depth information, which is also the main purpose of our monocular 3D detection
algorithm. Object detection algorithms have emerged endlessly over the years, but the most
classic is the regional proposal network (RPN), which is extremely effective. Therefore, we
use the RPN-based anchor frame mechanism for monocular multi-class 3D detector tasks.

In terms of extracting image features, we have taken a series of useful measures that we
mentioned in the previous paragraph, inspired by the rule of the camera imaging perspective.
This paper uses a single network trained with only a 3D box to generate both 2D and 3D
object proposal regions.

In the actual training process, our model directly predicts the 3D parameters and opti-
mizes θ. With the above solid network foundation and the inspiration from the results of
many experiments, we have further adopted a series of transformation measures, including
distillation mechanism, etc., only for better detection effect in the dataset.
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3. Methodology
3.1. Pinhole imaging model
Pinhole imaging model is an ideal camera model widely used. The imaging principle is
shown in Fig. 1.

Figure 1: Schematic diagram of pinhole imaging.

In the aperture imaging ”camera” shown in the figure above, the conversion relationship
between the real world coordinate system and the imaging plane coordinate system can be
obtained:

−X(imaging) = f ∗ X

Z
(1)

Where f is the focal length of the camera, X is the height of the object, and Z is the
distance from the camera to the object.

In the process of the camera collecting monocular images, the plane view formed by the
X-Z axis in the camera coordinate system is shown in Fig. 2, which is the central plane in
the imaging principle of the camera in Fig. 1.

Figure 2: Plan view in camera coordinate system.

Based on the above camera model and on the principle of light propagation along the
line, it can be found that in the actual autonomous driving scene, the object distance is
much larger than the image distance. At the same time, it can be found that for the same
object, if it is closer to the central horizontal line in the monocular image after imaging, it
means that the object is farther away from the camera and has deeper depth in the actual
scene.
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3.2. Asymmetric segmentation depth-aware convolution
The monocular image is essentially a projection result of a stereo scene, and only plane
information can be obtained after projection. The earliest monocular depth estimation
method is based on machine learning ( Saxena et al. (2005, 2008)). Although depth estima-
tion methods based on monocular images are emerging in endlessly ( Eigen et al. (2014);
Gan et al. (2018)), without exception, these methods require additional sub-networks to
assist, resulting in the final overall network model being huge and complex. In the M3D-
RPN method proposed by Brazil and Liu (2019), the use of depth-aware convolution is
mentioned in the perceptual 3D parameter estimation part, so that the network can learn
more spatial high-order features.

Based on the M3D-RPN depth-aware convolutional network, this paper proposes a
asymmetrical segmentation depth-aware convolutional network based on the imaging law
representation model of 3D space and the principle of small hole imaging. This approach
realizes the estimation of the depth information of the monocular image, thereby improving
the 3D target detection effect. Fig. 3 shows the distance relationship between each position
in the monocular image and the camera. At the same time, in conjunction with the central
plan view of Fig. 2, it can be obtained that the depth distribution of the objects in the
image is not uniform.

Figure 3: Depth distribution in monocular images.

Therefore, during the detection, if the depth convolution is still performed according to
the uniform segmentation mode, the performance of the calculated depth-like information
will be degraded. This paper proposes the asymmetrical segmentation deep convolutional
network ASD-Conv to try to solve the problems raised above. This technology divides
the different positions of the feature map in different proportions, and realizes the efficient
extraction of the depth information in the monocular image. Fig. 4 shows the design diagram
of the ASD-Conv network in this article.

Figure 4: Asymmetric segmentation depth convolution network.
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3.3. Converged network structure
The backbone network based on ASD-Conv is DenseNet-121 ( Huang et al. (2017)). As the
backbone network, DensetNet-121 uses a large number of layer jump connections, which can
effectively reduce network parameters and alleviate the problem of gradient disappearance.

Figure 5: Asymmetric segmentation depth convolution network mode.

Two parallel branches are connected at the end of the backbone network. The following
branch is the global convolution branch, and its convolution kernel space is shared. The
above branch is a local convolution branch, using asymmetrical segmentation depth-aware
convolution ASD-Conv. Here, the two parallel branches are collectively referred to as a joint
feature extraction module. The joint feature extraction module includes two stages. The
ReLU nonlinear activation function is used for the feature maps that have passed through
the first stage of the joint feature extraction module to generate 512 feature maps. Each
feature map is connected with 12 outputs:c, [tx, ty, tw, th]2D, [tx, ty, tz]P , [tw, th, tl, tθ]3D. The
outputs of the second stage of the joint feature extraction module are collectively referred to
as Ogloble and Olocal. To leverage the depth-aware and spatial-invariant strengths, we fuse
each output using a learned attention � (after sigmoid) applied for 12 output parameters
represented by the index i=1,2,3,...,12 respectively. The weighting calculation formula is as
Eqn. 2.

Oi = Oi
global · αi +Oi

local · (1− αi) (2)

Since the joint feature extraction module introduces the asymmetrical segmentation
depth-aware convolution ASD-Conv, the network can use the connection between the depth
information and the position on the monocular image to learn more advanced features of
spatial perception. At the same time, the joint effect of the local ASD-Conv branch network
and the global branch network can further realize the efficient extraction of monocular image
features. At the same time, the joint effect of the local ASD-Conv branch network and
the global branch network can further realize the efficient extraction of monocular image
features.
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3.4. Loss calculation
When calculating the loss function, all the parameters included in the calculation range are
shown in Fig. 6. These parameters are used to construct the 2D, 3D, and BEV recognition
frame of the object.

Calculate a transition between the anchor box and the real box. The conversion formula
under 2D conditions is as follows:

x
′
2D = xP + tx2D · w2D, w

′
2D = exp(tw2D) · w2D

y
′
2D = yP + ty2D · h2D, h

′
2D = exp(th2D

) · h2D
(3)

Figure 6: Schematic diagram of parameter definition of box template.

Among them, [x, y, w, h]′2D is used as the output vector of 2D box prediction b
′
2D, and

b
′
2D is the true value. Through the plane coordinate values x and y on the image, the

depth information zP , and the pre-calculated projection matrix P , the three-dimensional
coordinate x, y, z of the corresponding point in the three-dimensional space can be obtained.
The formula is as follows:

x · z
y · z
z


P

= P ·


x
y
z
1


3D

(4)

Then the three-dimensional coordinate information can be obtained. The 3D conversion
formula can be analogous to the 2D situation, and the formula is shown in Eqn. 5. This
paper uses [x, y, z, w, h, l, θ]

′
3D as the detection output vector b

′
3D, where [x, y, z]

′
3D can be

obtained from [x, y, z]
′
P using Eqn. 4.

x′p = xp + txP · w2D, w′
3D = exp(tw3D) · w3D

y′p = yp + tyP · h2D, h′3D = exp(th3D
) · h3D

z′p = tZP
+ ZP , l′3D = exp(tl3D) · l3D

θ′3D = tθ3D + θ3D

(5)

The loss value of the calculation model can be calculated by Eqn. 3 and Eqn. 5. In terms
of loss function, the classification loss, 2D box loss, and 3D box loss are used as components.
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Lpre = Lc + λ1Lb2D + λ2Lb3D (6)

The expressions of LC , Lb2D , and Lb3D are as follows:

Lc = −log(
exp(cτ )∑nc
i exp(ci)

) (7)

Lb2D = −log
(
IOU

(
b′2D, b̂2D

))
(8)

Lb3D = SmoothL1 (b3D, ĝ3D) (9)

3.5. Improved converged network architecture
In the convolutional network, the distillation structure is often used in the backbone network
part ( Hou et al. (2019)). This paper introduces it to the asymmetrical segmentation
convolutional network model.

But different from other traditional distillation structure network, this paper introduces
distillation structure in the detection head. Its specific structure is shown in Fig. 7.

Figure 7: Self-knowledge distillation mechanism SKD module.

The input of the distillation part is the output of ASD-Conv, that is, the output vectors
bcls, b2D, and b3D of ASD-Conv. During the entire distillation process, the input and output
format does not change, so the output of the distillation network can be directly used as
the final prediction result of the network. In the structure of self-knowledge distillation
mechanism, this article only uses a teacher-student training pair, namely N1 − NInput.
Therefore, the corresponding distillation loss function is:

Ldistill = L2 (N1, NInput) (10)

Finally, the loss of the distillation network and the previous loss function are combined
and superimposed, and the loss function of the ASD-Conv equipped with the distillation
structure can be obtained:

Lfinal = Ldistill + Lpre (11)

The distillation network used in this paper is not a multi-layer network structure, but
a single-layer light distillation structure. It will not cause more burden on the overall
calculation, and can improve the convergence effect of the detection network, and achieve
better detection results in the same number of iterations.
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3.6. More details
Similarly, we also get the idea in the horizontal direction and using the distribution of
depth information in the horizontal direction. In order to use the depth distribution in the
horizontal direction, we need to perform vertical segmentation convolution. The convolution
operation is performed on the picture from the horizontal and vertical directions at the same
time, and then combined to obtain the final calculation result. Based on the above ideas,
we have proposed the Horizontal and Vertical convolutional Network (H plus V Net). The
structure of the network is shown in Fig. 8 below.

Figure 8: The fusion of Horizontal and Vertical Network.

In H plus V Net, the network input is exactly the same as ASD Network. The situation
of each segment is the same as the horizontal direction, and an independent convolution
kernel is responsible for the convolution operation. We expect that by fusing horizontal
and vertical depth information, a better detection effect can be achieved than simply using
horizontally evenly divided convolutions plus global convolutions.

4. Experiments
In this paper, we mainly use data of cars, pedestrians and cyclists in urban scenes ( Cai
et al. (2016); Cai and Vasconcelos (2018); Liu et al. (2018); Ren et al. (2017); Yang et al.
(2016); Zhou and Yuan (2018)). We divided the dataset into three levels of easy, mod,
and hard according to the degree of occlusion of samples in the data set for scientificity of
the experiment. At the same time, pictures used in this experiment were divided into two
parts randomly and the experiment was conducted on the two sub-data sets. To provide
fair comparisons between different detectors, we measure the inference times on the same
machine with a Titan GPU and an Intel Core i7-5930K CPU.

4.1. Comparison with state-of-the-art methods.
In order to verify the function of indifferent choice segmentation network and add method
self-knowledge smart device on this basis, this method is compared with multiple 3D ob-
ject detection based on deep learning monocular image Mono3D ( Chen et al. (2016)),
Deep3DBox ( Mousavian et al. (2017)), Multi-Fusion ( Xu and Chen (2018)), M3D-RPN
( Brazil and Liu (2019)), SMOKE ( Liu et al. (2020)) and RT-M3D ( Li et al. (2020)). The
test results of each mainstream method on the KITTI data set are shown in Tab. 1-3. It
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can be seen from the final results that the method in this paper achieves the optimal value
on the KITTI data set, which proves the superiority of the algorithm in this paper.

Model IOU ≥ 0.5[car/pedestrian] IOU ≥ 0.7[car/pedestrian]
Easy Mod Hard Easy Mod Hard

M3D-RPN 48.96/- 39.57/- 33.01/- 20.27/11.42 17.06/11.28 15.21/10.34
+SKD3 41.41/12.68 33.05/13.09 27.21/11.98 20.20/10.26 17.22/9.50 15.47/9.50
+SKD2 44.25/13.53 35.12/13.35 28.35/12.08 21.66/10.72 17.30/10.18 15.73/9.53
+SKD1 47.11/14.50 37.22/14.14 30.93/13.11 22.36/11.46 18.63/11.19 16.02/9.58

Table 1: 3D Box comparison experiment of two types of objects: car and pedestrian

In this article, three types of SKD models are added to M3D-RPN. On the 3D Box
task, their experimental comparison results are shown in Tab. 1. The accuracy data in the
experimental results are in percentage (%). The above table shows that the performance
of the self-knowledge distillation model is not proportional to its scale. The experimental
results show that the first-order SKD structure is better than the second-order and third-
order SKD structures in both like large object car and like small object pedestrian.

Fig. 9 shows two types of ASD-Conv network structures used in this algorithm, namely
ASD-ConvI and ASD-ConvII. In Fig. 9(a), Asymmetric Segmentation Depth convolutional
Network with a ratio of 1: 1: 1: 1: 2: 2: 3: 4: 5: 6: 6. Here b

′ = 11, which means there are
11 kernels here. In Fig. 9(b), Asymmetric Segmentation Depth convolutional Network with
a ratio of 6: 1: 1: 1: 1: 1: 2: 2: 2: 2: 3: 3: 3: 4. Here b

′ = 14, meaning 14 kernels here.

Figure 9: Two types of ASD-Conv structure.

Although the data in Tab. 1 shows that the effect of introducing SKD into M3D-RPN
algorithm alone is not significantly improved. However, the combination of Tab. 2 and Tab. 3
experiments proved the effectiveness of ASD-Conv. That is, the monocular feature map is
divided into different proportions of strips, and then the feature maps on each strip are
subjected to independent convolution operation, which can indeed reflect the relationship
between the object depth and its position on the image. The introduction of the SKD
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Method AP2D APBEV AP3D

Easy Mod Hard Easy Mod Hard Easy Mod Hard
M3D-RPN 51.47 42.77 34.91 2.90 9.09 9.09 2.22 9.09 9.09
ASD-ConvI 51.61 42.90 42.78 10.15 9.09 9.09 10.03 9.09 9.09

D-ASDConvI 50.13 33.91 33.89 2.59 1.38 1.48 2.40 1.38 1.48
ASD-ConvII 60.63 51.82 43.67 2.53 1.30 3.03 0.78 0.91 3.03

D-ASDConvII 59.59 43.50 43.50 3.17 10.38 9.09 2.16 9.09 9.09
H plus V Net 58.89 50.99 43.02 1.88 1.00 1.04 0.80 0.80 0.86

Table 2: Cyclist Detection. Comparison on the cyclist class under the condition of IOU ≥
0.5 in the validation set.

structure can amplify and strengthen the effect of ASD-Conv. Moreover, the second ASD-
ConvII segmentation network is more suitable for the detection of small objects such as
cyclist and large objects such as car than the first ASD-ConvI segmentation network. On
the same data set, the AP of the asymmetric segmentation convolution method and its
improved method has been greatly improved compared with the original model. This shows
that the convolutional network used in this article is effective and scientific in extracting the
depth information of monocular images. In the recognition task, the network model with
the self-knowledge distillation mechanism is better than the network model without this
mechanism, and its performance is more advantageous and the effect is obvious. Although
in terms of inference speed, the D-ASDConv-based algorithm proposed in this paper is
slightly lower than the baseline algorithm. But in terms of detection accuracy, whether in the
BEV task or in the 3D box task, the detection accuracy based on D-ASDConv algorithm is
higher than other detection algorithms on the whole, and its accuracy performance is better
than the state-of-the-art monocular image detection algorithm RT-M3D. The experimental
results show that ASD-Conv is effective. In addition, after introducing SKD mechanism,
the performance of D-ASDConv has been further improved. Compared with the baseline
model, D-ASDConv has an average improvement rate of 2.82%(AP) in large object detection
and the highest average improvement rate of 2.01%(AP) in small object detection on Kitti
dataset.

4.2. Comparison of 3D test results.
Monocular images are collected by the front camera of the car. Fig. 10 shows the visual
comparison results of 3D detection of some images in Kitti scene between the detection
algorithm based on D-ASDConv network and the baseline algorithm. There are eight groups
of graphs in Fig. 10. The top of each group is the result graph of baseline algorithm
experiment, and the bottom is the result graph of this algorithm. Among them, the red
box represents the GT bounding box, the green box represents the car prediction bounding
box, the blue box represents the pedestrian prediction bounding box, and the yellow box
represents the cyclist prediction bounding box.

It can be seen that the detection results of baseline algorithm are not ideal, and there are
many phenomena of missed judgment and wrong classification. In this paper, a 3D object
detection algorithm based on asymmetrical segmentation and depth sensing convolution is
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Method APBEV AP3D Time(s)Easy Mod Hard Easy Mod Hard
Mono3D 5.22 5.19 4.13 2.53 2.31 2.31 -

Deep3DBox 9.99 7.71 5.30 5.85 4.10 3.84 1.5
Multi-Fusion 19.20 12.17 10.89 7.85 5.39 4.73 -
M3D-RPN 26.86 21.15 17.14 20.40 16.48 13.34 0.16
SMOKE 19.99 15.61 15.28 14.76 12.85 11.50 0.03
RT-M3D 25.56 22.12 20.91 19.47 16.29 15.57 0.055

ASD-ConvI 22.83 18.49 14.48 16.28 13.90 10.75 0.19
D-ASDConvI 27.36 21.62 17.64 17.03 13.78 9.93 0.24
ASD-ConvII 27.29 20.98 17.18 22.55 16.55 14.40 0.19

D-ASDConvII 30.26 23.36 18.90 25.30 18.49 16.00 0.23
H plus V Net 27.79 22.10 18.26 21.12 16.43 14.34 0.14

Table 3: Car Detection.Comparison of several networks on the car class under the condition
of IOU ≥ 0.7 in the validation set

proposed, which achieves good results and can detect most objects in monocular images
accurately. In general, the proposed 3D object detection network based on asymmetric
segmentation depth sensing convolution has more advantages in Kitti dataset.

Figure 10: Comparison of 3D detection results.
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5. Conclusion
In this paper, we adopted our Asymmetry Segmentation Depth convolution network based
on the principle of perspective in real world. Introducing proper segmentation proportions
gives our network stronger depth acquisition capabilities. In addition to the main work,
we introduced vertical strip segmentation and combined horizontal convolution with it for
better performance in detection. And we also introduced the structure of the Distillation
network at the detection head part of ASD Net in order to improve detection ability and
accuracy through accelerating model’s convergence. Overall, although the diverse scenes
bring many challenges, the monocular 3D object detection algorithm based on asymmetrical
segmentation proposed in this paper can still achieve relatively good results in most scenes.
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