
Deep learning based 3D target detection for indoor scenes

Ying Liu1
& Du Jiang1

& Chao Xu1
& Ying Sun1,2,3

& Guozhang Jiang3
& Bo Tao1,2,3

& Xiliang Tong1,2
& Manman Xu1,2

&

Gongfa Li1,2,3 & Juntong Yun1

Accepted: 11 June 2022
# The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Abstract
3D target detection is a research hotspot in recent years. In the field of autonomous driving, 3D target detection is mainly targeted
at outdoor scenes that the camera height is constant. In a few indoor scenes, 3D target detection is mostly at the category level.
However, it is difficult to generate instance-level 3D target detection datasets. In complex indoor scenes, instance-level 3D target
detection is used as the research object in this paper. The indoor 3D target detection dataset is constructed by Aruco marker. A
pixel-by-pixel key point voting network for joint semantic segmentation of RGB images is established, and a new key point
assumption strategy is proposed. Combined with depth images, the key point detection is extended to three dimensions, and the
bit pose is optimized by the ICP algorithm. The evaluationmetrics and visualization of themodel are analyzed and compared. It is
tested and visualized under validation set, truncated validation set and unlabeled. The generalization of the method in this paper is
proved, and 3D target detection in indoor scene based on RGB image and RGB-D image is achieved.
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1 Introduction

Vision has the most abundant external information. This
information is passed to a computer or robot, allowing them
to perceive the environment and make decisions instead of
humans, which is a hot topic of current research [1, 2]. In
recent years, the computer’s understanding of 2D informa-

tion in images has made considerable progress. From object
detection, recognition, semantic segmentation to instance
segmentation, more and more dominant algorithms have
been proposed. Computer vision’s understanding of 2D
scenes has moved from theory to applications, such as in-
dustrial positioning and defect detection, community secu-
rity, and smart phones. Because of these applications, our
lives are convenient and work efficiency is improved
[61–64]. However, 2D scene understanding algorithms can-
not perceive and understand 3D spatial information, which
greatly limits the application of 2D target detection. The
target class predicted by 2D target detection and its position
can mostly only provide a decisive reference for the com-
puter or robot [55, 67, 68]. It does not provide specific guid-
ance for the computer or robot’s next action. In scenarios
such as robot grasping and augmented reality, 2D target
detection seems helpless.

With the maturity of the 2D target detection algorithm and
its limitations, the 3D target detection has begun to enter peo-
ple’s field of vision, and it can well make up for this defect. It
can predict the pose of the target in space, so as to better assist
the robot in more complex tasks, and provide the robot with
accurate real pose information of the target [3, 4]. 3D target
detection is to predict the category and pose of the target
through RGB-D image or point cloud data and display it in
the form of 3D bounding box [5–9]. 3D target detection can
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obtain accurate and rich information of the target in space. The
3D target detection can not only used in many applicable
scenes of 2D target detection, but also can guide the robot to
grasp. Accurate obstacle information for autonomous driving
can be provided, and the problem of tracking or occlusion of
virtual and real in augmented reality is solved [10].

Compared to outdoor scenes, indoor scenes have smaller
views, more compact targets and greater differences in light-
ing. And due to the random nature of the camera height, it will
result in a more complex and varied pose. At the same time,
3D target detection has challenges such as a wide range of
applications, more difficult detection and more complex com-
putation. Meanwhile, it consumes a large amount of compu-
tational resources, improving the efficiency of the algorithm is
quite necessary. With the wide application of service robots,
indoor scene understanding has attracted the attention ofmany
researchers, which is closely related to indoor scene target
detection. Based on this, aiming at the pixel-by-pixel key
point voting of joint semantic segmentation, this paper con-
tributes to reducing unnecessary feature points, so as to cut
down the consumption of equipment calculation.

The key contributions of this work are:

(i) A 3D target detection instance level dataset was
produced.

(ii) A new key point assumption strategy is proposed based
on the basis of the PvNet model. Meanwhile, a fusion
method of pixel-by-pixel key point voting and depth
image is applied to improve the performance of the
model.

(iii) The performance of the proposed algorithm has been
analyzed and experimentally verified.

The rest of this paper is organized as follows: Section 2
discusses related work, followed by the explanation of the
data set and methods of this article in Section 3. Section 4 is
the theory and calculations in the experiment. Section 5 shows
the experimental results and the discussion of the results, the
conclusion is in Section 6.

2 Related work

3D target detection has always been a research hot spot in
recent years. According to the method, it can be divided into:
feature descriptor-based, template-based matching and
learning-based [52–54].

The method based on 2D feature descriptors is mainly
aimed at RGB images. Multi-view projection is performed
on the target and multiple color images are obtained as a
template. The template records the target pose or the corre-
sponding relationship between the 3D point and the point on
the image. In combination with certain feature point matching

algorithms, a single image is input to find the 2D pixel points
corresponding to the template image. Further 3D points of the
target are obtained to solve the target pose problem [11]. The
main representativemethods are SIFT [12], SURF [13], FAST
[14], and ORB [15]. The method based on 3D feature descrip-
tors focuses on point clouds. It is based on the principle of
finding the correspondence between two point clouds by
using the distance between points, point cloud normal vectors,
etc. Then, it represents local features such as point cloud con-
tours, lines, edges, etc. Representative methods based on 3D
feature descriptors include RoPS, TriSI, THRIFT, PPFH, etc.
[16–18]. However, these methods either have certain require-
ments on the texture of the target object, and they deal with
symmetrical objects [19–22].

Based on the template matching method, the first step is to
make a template, which requires multi-view imaging of the
target object. But it is different from the feature descriptor,
which is finding the corresponding points in the input image
and the template image. It mainly extracts the contour, surface
curvature and edge information of the target. It has not very
intensive requirements for the template [23–25]. The template
in the template-based matching method refers to a specific
pose. It requires the template to contain as many possible
poses as possible, and then the pose estimation problem is
turned into a depth estimation and image classification prob-
lem. Methods based on template matching include Linemod
[26], SSD-6D [27], PoseCNN [28], Recovery 6d [29], Robust
6d etc. [30, 65, 66]. In addition, NOCS and Latentfusion etc.
method can use implicit methods to represent a class of ob-
jects, which is also a method of template matching [31–33].
Based on the template method, the angle prediction cannot be
continuous and the accuracy is too dependent on the template.
If the number of templates is too small, the accuracy will
decrease. But the number of templates will increase, the clas-
sification difficulty will increase and the efficiency will
decrease.

3D target detection algorithms based on learning can be
divided into two types: one stage and two stage. One is to
directly use the neural network to regress or classify the 6D
pose of the target, and the other is to first use the neural net-
work to estimate the position distribution of the key points in
the image, and then use the mapping relationship between 2D
points and 3D points to solve the target pose [34, 35]. The
method of using the deep learning algorithm to directly return
to the 3D bounding box of the target generally divides the
network structure into several branches, which are used to
predict the position of the center point, and there are also
branches that are used to predict the rotation angle [56, 57].
However, since the rotation of the target is a non-linear
change, the method of direct regression is still not ideal in
terms of accuracy. Methods based on key points can be divid-
ed into multiple categories, according to the selection of key
points and the different ways of forecasting [50, 51]. BB8 [36]

Y. Liu et al.



and Yolo-6D [37] algorithms choose to predict the 8 vertices
on the 3D bounding box of the target as key points, which
makes it easier to use the PNP [38] algorithm in the later stage,
but since these 8 vertices are not on the target surface, this
method robustness is not good. Some scholars choose some
points on the target surface with significant texture or color
changes as key points, which makes the detection of key
points easier, but it cannot guarantee the uniform distribution
of key points. When the key points are obscured, the results
are also not satisfactory. There are also somemethods, such as
PvNet [39] and PVN 3D [40] to select several key points on
the target surface. There are also methods that directly predict
the relative coordinates from pixel-by-pixel to key points.
This will introduce two variables and cause the error to be
superimposed [47–49]. Other scholars predict the probability
that each pixel is a key point, thus forming a heat image. But
once the key point is occluded, which is difficult to predict
successfully. These methods are not dense enough to predict,
which will further affect the robustness of the model.

In summary, there are many methods for quasi-3D target
detection at this stage. The method based on feature descrip-
tors has high accuracy, but the real-time performance is not
good, and it cannot handle symmetrical targets, relying on the
target texture. The method based on template matching can
solve the real-time problem, but since the discretization of the
continuous problem. It is difficult to have both accuracy and
real-time. The method of 3D target detection based on deep
learning is a hot research topic in recent years, and it also
shows strong competitiveness at this stage. Due to the urgent
need of autonomous driving technology, people have done a
lot of work on 3D target detection in outdoor scenes.
However, with the widespread popularity of service robots,
the robots' understanding of indoor scenes needs to be further
strengthened. Therefore, it is of great significance to carry out
research on 3D target detection in indoor scenes.

3 Materials and methods

3.1 Data set image acquisition

In this paper, research on 3D target detection in indoor
scenes, which comprehensively considers factors such as
indoor environment complexity, target occlusion, camera
performance, subsequent target pose and bounding box ac-
quisition is done. The Aruco code disc was made. Some
animal models and daily necessities of moderate size were
selected as the targets to be tested. The targets were placed
on the Aruco code disc to make the dataset [45, 46]. In the
process of making a data set, a batch of images are collected
for each scene, and the relative pose between the targets in
the same scene is unchanged, only the pose of the camera is
changed. Figure 1 is an aligned color depth image collected

in a certain scene. During the collection process, the target in
the scene is still and only the pose of the moving camera.
The resolution of the picture is 640*480 pixels. Since the
depth image ranges from 0 to 8 m, it does not look obvious.
In order to make the depth image more obviously, we are
pseudo-coloring it.

Based on the Aruco code to obtain the target pose informa-
tion, the Qlone mobile phone software was used to obtain a
3D model of the target, and the acquired images were anno-
tated to obtain color and mask images as shown in Fig. 2.

The obtained annotation file was visualized and a random
part of the image was taken as shown in Fig. 3.

It can be found intuitively that the labeling pose informa-
tion obtained by the above method is relatively accurate. It can
be used as labeling information for 3D target detection.

On this basis, we used a rich data set to detect the types of
targets, include lions, flashlights, puppies and shoe polish bot-
tles other different shapes and sizes. There are very common
targets in daily life and the data set is expanded. Each target
has 800 images sets. The pandas, air fresheners and other
targets with similar shapes and colors are added to interfere.
Meanwhile, in order to increase the generalization perfor-
mance of the model, the Blender 3D animation software is
used to generate the same amount of rendering data as the real
dataset. As shown in Fig. 4.

3.2 Selection of key points based on FPS algorithm

For the two-stage 3D target detection algorithm, a very critical
step is the selection of key points. Some methods directly
select the 8 vertices of the target 3D bounding box as key
points, therefore eliminating the subsequent PNP
(Perspective-n-Point) pose solving process. However, since
the vertices of the target bounding box are generally outside
the target pixels, it brings great difficulty to the subsequent
prediction. There are also some methods that select some
points with significant changes in the color of the target sur-
face texture as feature points, but the distribution of these
points cannot be guaranteed, and once they are occluded, it
will increase the difficulty of detection. This section will use
the FPS [41] algorithm (Farthest Point Sampling) to select
points on the target surface as key points as the subsequent
detection objects.

The selection of the key points in this section is to make the
key points evenly distributed on the target surface, so the
geometric center of the target is selected as the initial point.
Since the geometric center of the target has been changed to
the origin of the world coordinate system in second section,
there is only one point in the initial point set (0, 0, 0). When
the number of sampling points is set to 4 and 8 respectively,
the corresponding key point clouds and RGB images are ob-
tained, as shown in Fig. 5.
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4 Theory and calculation (3D target detection
in indoor scene based on RGB-D image)

4.1 Key point detection model based on RGB image
joint semantic segmentation

4.1.1 Network model

The network structure in this section follows the PvNet model,
but it has made some changes in the output and subsequent
key point selection. The key point detection model of joint
semantic segmentation in this paper is shown in Fig. 6.
Using the first half of ResNet, when the feature image is re-
duced to certain size, the expansion convolution transition is
used to ensure the acceptance domain. Then through a series
of convolution and nonlinear interpolation, the feature image
is restored to the original input size. In order to fully retain the
shallow features, the shallow feature image during the sam-
pling process is repeatedly jumped in the feature image of the
up-sampling process [8, 42–44]. In terms of output, the sec-
tion of PvNet has been changed. PvNet predicts semantic
segmentation and pixel points to the unit vector of key points,

but predicting is the semantic category of pixels and the dis-
tance to the key point.

The lower right corner in Fig. 6 is a heat image generated
by the network based on the distance from a pixel to a key
point. From red to yellow-green to blue, it means that the
distance between the pixel point and the key point becomes
longer. Compared with the method of unit vector intersection
in PvNet, the paper can get the key point information faster
and more intuitively. However, this kind of key point detec-
tion based on the heat image is difficult to deal with the trun-
cation problem, because once the target is truncated, and the
hot image cannot be generated in the truncated part. So the key
points projected on the truncation cannot be further obtained.

4.1.2 Based on an improved key point voting scheme
for occlusion

In the above network structure, the network chooses to predict
the per-pixel distance to the key point, rather than the proba-
bility that per-pixel is the key point. This provides a hypothet-
ical solution for the subsequent selection of key points. For
each pixel, the distance value is predicted and the error is

Fig. 1 Colorful depth image of partially aligned

Fig. 2 Partial colorful and mask images in the dataset
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ignored. The key point must be on the circle with this pixel as
the center and the distance predicted by this pixel as the radius.
Two circles with different centers have three possible relative
positions: intersect at one point, intersect at two points, and
disjoint. Ignoring the disjoint case, if two pixels are used to
predict key points at the same time, at least one potential key
point positive solution will be obtained.

In order to obtain the key points in the truncated case,
the two pixels are randomly sequence selected the pixel
point as the center of the circle. The distance of the
predicted key points is the intersection of the radius and
all potential key point sets are obtained. Figure 7(a)
shows the potential key points obtained by using four
pixels and their predicted distance information. The green
dots in the diagram are the predicted key points, the

purple triangles are the off-target noise points and the
red square dots are the truth key points. Now, the key
points are concentrated in half of the noise, but it is
obvious that these noises are randomly distributed, and
the potential key points are distributed near the real key
points. If you want to select the key points from these
points, the first thing to do is to remove the noise as
much as possible.

Figure 7 reflects the process of removing the noise points in
the potential key points. First, the noise points falling outside
the target are removed. Secondly, a circular sliding window of
suitable size is used to find the position with the most points in
the window as a new set of potential key points. Subsequent
voting on key points based on RANSAC (Random Sample
Consensus) will focus on this key point.

Fig. 3 Visualization of positional
annotation information

Fig. 4 Partial expanded target dataset and composite dataset images
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4.1.3 Voting based on key points of RANSAC

RANSAC is a commonly used algorithm in machine vision
[58, 59]. It is generally used to select correct data from abnor-
mal data and obtain model parameters that conform to these
data. These abnormal data may be due to incorrect measure-
ments, incorrect assumptions, incorrect calculations, etc.

Suppose that for a certain key point xk, the potential key
point set {hk, i| i = 1, 2, ⋯n} is obtained through the above
steps, then all the pixels on the target of detected are voted,
and are scored on all the points in the set of potential key
points. Defining the score obtained by point hk, i as ωk, i, the
formula is shown in Eq. (1).

wk;i ¼ ∑
p∈o

∐ 1−
j xk − pk k2 − hk;i − p

�� ��
2
j

xk − pk k2

 !
ð1Þ

In which, ∐ denotes the indicator function. p represents a
certain pixel.p ∈ o represents that the pixel belongs to the
target to be detected.

The voting score characterizes the relative error between
the distance of the pixel to the predicted key point and the
distance to the true key point. A higher score means that the
hypothesis is better and the point is closer to the key point. For
the key point mean uk and covariance∑k, it is calculated by the
Eq. (2) and Eq. (3).

Fig. 5 Distribution of target and
image key points

Convolution

Maximum

pooling

Residual

module a

Residual

module b

Dilated

convolution

Up-sampling

Fig. 6 Key point prediction
model of joint semantic
segmentation
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uk ¼ ∑N
i¼1ωk;ihk
∑N

i¼1ωk;i
ð2Þ

∑k ¼
∑N

i¼1ωk;i hk;i −uk
� �

hk;i −uk
� �T

∑N
i¼1ωk;i

ð3Þ

In which, ωk, i represents the score, hk, i represents the
potential key point set.

Using the camera projection model and 2D points, convert
to the camera coordinate system. Create four control points in
the camera coordinate system with the same relationships as
the world coordinate system. Then solve for the coordinates of
these four control points. Finally, the pose problem is further
solved using ICP. It is calculated by the Eq. (4) and Eq. (5).

minimize ∑
k

k¼1
X k
�!−uk
� �T

∑
−1

K
X k
�!−uk

� 	�
ð4Þ

X k
�! ¼ π RX k þ tð Þ ð5Þ

In which, Xk represents the 3D coordinates of the key

points. X k
�!

is a 2D mapping of 3DXk.
The PNP algorithm initializes the parameters R and t ac-

cording to four key points whose covariance matrix trajectory
is minimized. It is then solved using the LevenbergMarquardt
algorithm to minimize the re-projection error.

4.2 3D target detection in indoor scene based on RGB-D
image

In the previous section, only RGB images were used to com-
plete key point detection, but pure RGB images lacked scene
spatial information. Therefore, this section adds a depth image
to the 3D target detection model of indoor scenes based on
RGB images. On the one hand, it can improve the accuracy of
semantic segmentation. On the other hand, it can increase the
prediction of key point depth information.

In this section, a two-channel model of 3D target detection
based on RGB-D is established. The general process of the
model is shown in Fig. 8. The upper part of the figure uses the

RGB-based 3D target detection model, while similar structure
is used to train the depth image in the lower part of the model.
The only difference is that the color image network has deeper
layers and more thorough down sampling. In the down-
sampling stage, the feature image obtained from the depth
image is connected to the color channel. In the up-sampling
stage, the feature image obtained from the color channel is
connected to the depth channel. Then the color channel net-
work is used to predict the pixel-by-pixel distance to the key
point, and the depth image is used to predict the pixel-by-pixel
distance from the key point in the depth direction. The color
and depth images are jointly used to obtain target semantic
segmentation. Combining the 2D key points and the pixel-by-
pixel depth difference, the key points are optimized and
projected to 3D, and finally the pose is solved by the ICP
(Iterative Closest Point) algorithm [60]. The process of the
3D target detection model based on RGB-D will not be de-
scribed too much. The following will focus on how to extend
the key point detection on the 2D image in section 3 to 3D.

In this section, by adding a deep image channel network,
feature fusion is performed at a certain level to improve the
accuracy of semantic segmentation. On the other hand, the
channel predicts the pixel-by-pixel and key point depth differ-
ence. The key point will be projected on the 2D image, but the
corresponding depth value of the projection point on the depth
image may not be the true depth value of the key point.
Because the key point may be on the back side, if the key
point is the target center point, it must be Will be blocked.
The contour information of the target can be well reflected by
the depth image, so the depth image channel network can be
used to predict the true depth information of the key points.
Meanwhile, in order to avoid the influence of occlusion trun-
cation on the prediction of key point depth information, a
method similar to that is adopted in third section. It can predict
the difference between the pixel-by-pixel depth value to the
key point depth value, and also can predict the key point depth
value at the same time for every two pixels. The average value
of the depth values of the two-pixel prediction key points is
taken as the predicted depth value, and this depth value is
aligned on the pixel coordinates of the potential key points

a b c

Fig. 7 Noise elimination of potential key point set (a: Key point set containing half of the noise, b: Key point set after removing the noise outside the
target, c: Set of key points selected by sliding window)
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predicted by the two pixels. The potential key point set is
converted into a 3D potential key point set using the known
camera’s internal parameters, then the potential key point set
is narrowed down using a 3D sliding window, and finally each
potential 3D key point is scored using a RANSAC-based poll.
Eq. (6) is the score calculation formula for each potential key
point.

Wk;i ¼ ∑
P∈O

∐ 1−
j X k −Pk k2− Hk;i −P

�� ��
2
j

X k −Pk k2

 !
ð6Þ

In which, ∐ denotes the indicator function. P denotes a
point in the camera coordinate system. P ∈ O represents that
this point is obtained by combining the pixel coordinates of
the target surface and its corresponding depth value with the
camera’s internal parameters.

Xk is the 3D coordinates of the real key points in the camera
coordinate system, which can be obtained by adding the
marked camera posture to the world coordinates of the key
points. Hk, i is the 3D point set {Hk, i| i = 1, 2, ⋯n} corre-
sponding to the potential 2D key point set {hk, i| i = 1, 2,
⋯n}. Wk, i is the score of potential key points.

In terms of loss function, semantic segmentation still uses
cross-entropy loss. Bring in Eq. (7). The loss function of key
points is defined as Eq. (8).

Δdk P;wð Þ ¼ X k −Pk k2 − X k −Pk k2


 



X k −Pk k2
ð7Þ

φ wð Þ ¼ ∑
k

k¼1
∑
P∈O

φ
�
Δdk P;wð Þ ð8Þ

In which, w denotes network parameters. P denotes a point
in the camera coordinate system. Δdk(P, w) is the relative
error of the distance between the predicted key point and the
real key point.Xk denotes the real 3D coordinates of key
points.

5 3D starget detection experiment in indoor
scene based on RGB-D image

5.1 Model training parameter configuration

This article uses the Pytorch deep learning framework.
Pytorch is a deep learning framework developed by
Facebook based on Python. Its advantage uses the Python
version of the Torch library in processing images, which is
conducive to providing dynamic graph calculations and mak-
ing it easier to run on the GPU. This article uses the Python
deep learning framework to configure and build the environ-
ment under the Ubuntu 18.04 × 86 hardware environment. In
order to improve the training speed of the neural network,
GPU is used to accelerate the calculation of the neural net-
work, and the computing power is improved by configuring
Cuda and Cudnn. The main parameter configuration of the
experimental environment is shown in Table 1.

Convolution

Maximum

pooling
Residual

module a

Residual

module b

Dilated

convolution
Up-sampling

2D Key Points

3D Key Points

PNP

ICP

3D inspection of

targets

Fig. 8 3D target detection process of indoor scene
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When training the network model in this paper, the various
parameter configurations are as follows: the learning rate is
0.001, the learning rate is halved every 20 epochs, and all
models are trained for 240 epochs. Adam algorithm can con-
verge faster than the stochastic gradient descent algorithm. So
Adam algorithm is used to optimize the network, and the key
points are defined as 8.

5.2 Evaluation criteria

In this paper, the 3D target detection adopts the joint semantic
segmentation method, and the pose-corresponding mask is
used in the training process to constrain the semantic segmen-
tation. Because the projection mask is also fixed for determin-
ing the pose of the target. This paper uses average precision
(AP) to judge the accuracy of the graph. If the predicted pose
corresponding to the mask overlaps the real pose correspond-
ing to more than 70%, the prediction is considered to be suc-
cessful. Eq. (9) is the specific formula.

AP ¼
∑
n

i¼1
Precisioni

n
ð9Þ

In which, n denotes the number of verified images.
Precisioni denotes the accuracy of the mask corresponding
to the pose on the image. In the data set of this article, there
is only one or no target to be detected in the general image,
and the recognition accuracy of each image for target detec-
tion is either 0 or 1.

In terms of pose evaluation, this article uses two com-
monly used evaluation criteria to evaluate the model of
this article: 2D mapping quantification and 3D distance
(Average Distance to the 3D model, ADD) quantification.
The 2D Projection metric calculates the average pixel dis-
tance between the 2D projection point of the target and
the predicted 2D projection point of the target in the real
pose. If the distance is less than 5 pixels, the detection is
considered correct. However, the ADD metric then uses
the real and predicted obtained target pose. In

combination with the target point cloud model, all 3D
coordinate points of the target are obtained. Calculate
the sum of the distances between all corresponding points,
and finally take the average value. If the average distance
difference is less than 10% of the target diameter, the
detection is considered successful. Eq. (10) is the calcu-
lation formula for the 2D mapping metric.

2D Projection metric ¼ 1

m
∑ xp−xt
�� ��

2
ð10Þ

In which, m is the number of points on the target point
cloud model file. xp and xt are respectively the predicted target
pose and the real target pose. Combined with the camera’s
internal parameters, the projection of the corresponding point
on the two-dimensional image is obtained.

Eq. (11) is the calculation formula of ADD metric.

ADD ¼ 1

m
∑

X∈O
RpX þ Tp
� �

− RtX þ Ttð Þ�� ��
2

ð11Þ

In which, X is a 3D point. X ∈ O represents the point on the
3D model of the target. Rp and Tp represent the predicted
target posture. Rt and Tt represent the real target posture.

5.3 Result analysis

In terms of loss function, the loss function of the 3D target
detection algorithm is equal to the weighted sum of the cross-
entropy loss of semantic segmentation and the key point loss,
which is visualized by tensorboard. Since there are more mod-
el trainings in this article, and the parameters of the model
have not changed under the same data input. So, this section
will only analyze the loss function changes and recognition
rate of the lion model trained on RGB-D data, as shown in
Fig. 9.

It is clearly evident from the Fig. 9 that the overall change
trend of various loss functions is the same. The overall loss
function drops sharply to 0.015 between 0 and 10 k iterations,
which means that the model has learned a lot of shallow fea-
tures during this time. From 10 k to 15 k, it starts to slowly
drop to 0.01, then oscillates around 0.01. Finally, basically
reaches a state of convergence indicating that the model is
well trained.

Meanwhile, the model in this chapter is evaluated on
the validation set every epoch. The changes in the evalu-
ation indicators and the overall loss function in the eval-
uation process are shown in Fig. 10. It can be found that
the various evaluation indicators of the model converge to
a higher level, and the overall loss function is also con-
sistent with the training set. At the same time, it can be
found that the average accuracy of the model and the 2D
projection mapping metric are both close to 1. It is not
that the model achieves over-fitting, but this is determined

Table 1 Related
parameters of the
experimental
environment

Classification name Detail

Operating system Ubuntu 18.04

CPU Intel core i7

GPU GTX 2070

RAM 16G

Cuda with Cudnn 10.0,7.0

Pytorch 1.4

Python 3.6

Opencv 3.0
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by the rubric, which results in the error in the projected
posture being suitably reduced.

In this paper, the recognition effect of different targets
under different input data is shown in Fig. 11. It can be
seen from Fig. 11: after adding the depth image, the mod-
el corresponding to each target has improved in different
evaluation standards. After adding the depth data to the
average accuracy, the AP value increased by 3.2%, the 2D
projection value increased slightly, and the ADD in-
creased by about 7%.

There are two main reasons for the above results: On
the one hand, because the 3D target detection in this arti-
cle is based on the key point detection of pixel-by-pixel
voting based on semantic segmentation, the key point de-
tection largely depends on the accuracy of semantic seg-
mentation. However, with the addition of depth images,
illumination and occlusion can be well overcome to better
distinguish foreground hind-grounds improving semantic
segmentation accuracy. The accuracy of key points is im-
proved and the accuracy of further poses is improved. On

the other hand, relative depth distance prediction is added
to the RGB-based key point detection. The key points are
further pushed from 2D to 3D, and the target poses are
solved directly using ICP with better accuracy. Finally,
the model was tested on the RTX 2070 graphics card.
When the input data were RGB images and RGB-D im-
ages, the speed of the model could reach 21 frames per
second and 18 frames per second respectively. Test on the
validation set and visualize the results shown in Fig. 12.

In Fig. 12, the blue represents the real label box, and
the green represents the predicted 3D bounding box. The
final recognition effect obtained from the visualization
results is still relatively ideal. In order to further verify
the effectiveness of the algorithm in this paper, the
PvNet algorithm is used to train and test on the data set
of this paper, and the evaluation criterion is ADD, and the
results shown in Fig. 13 are obtained. It can be seen from
the table that the algorithm based on RGB-D image pro-
posed in this paper is better than the PvNet algorithm, and
the PvNet algorithm is better than the algorithm based on

Fig. 9 Changes in various loss functions of 3D target detection (a: Semantic segmentation loss function changes, b: Key point voting loss function
changes, c: Overall loss function change)

Fig. 10 Evaluation indicators and
overall loss changes on the
validation set (a: AP, b: 2D
Projection, c: ADD, d: Overall
loss function)
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Fig. 12 Models tested and
visualized on the validation set

Lion Flashlight Dog
Shoes oil

bottle
Average

RGB(AP) 0.98 0.95 0.92 0.89 0.94

RGB-D(AP) 1.00 0.98 0.95 0.94 0.97

RGB(2D Projection) 0.98 0.96 0.96 0.96 0.97

RGB-D(2D Projection) 0.99 0.97 0.97 0.97 0.98

RGB(ADD) 0.82 0.75 0.78 0.84 0.80

RGB-D(ADD) 0.90 0.86 0.82 0.90 0.87

0.00%

20.00%

40.00%

60.00%

80.00%

100.00%

120.00%
Fig. 11 Accuracy comparison of
each model under different input
types and different criteria
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PvNet Our Method(RGB) Our Method(RGB-D)

Fig. 13 Comparison of
recognition rate (ADD) between
this method and PvNet method
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RGB image proposed in this paper. In general, the key
point detection of pixel-by-pixel distance voting for joint
semantic segmentation proposed in this paper has
achieved the expected effect. At the same time, the meth-
od of extending 2D key points to 3D combined with the
depth image is feasible and effective.

In order to verify the recognition effect of the method in
this paper on truncated data, the best trained lion model based
on RGB-D is selected. The images on its verification set are
appropriately truncated, and the obtained model is used to
identify the lion model in a random scene without marking.
The visualization of the result is shown in Fig. 14.

The first row shows the effect of the RGB-D-based 3D
target detection model on the verification set to detect and
visualize. The predicted 3D bounding box basically coin-
cides with the real labeled box. The second row shows the
detection effect of the model under different levels of
truncation. It is predicted that the 3D bounding box and
the real bounding box have a certain degree of offset, but
in general it can still reflect the 3D space position occu-
pied by the target. The last row shows the detection effect
of the model in unlabeled scenes. In most cases, it can
successfully detect the 3D pose of the target. The above
experimental results show that our method in this paper
can obtain good results on the data set made by ourselves,
and it can handle truncated images well at the same time.

6 Conclusion

In this paper, a key point votingmodel based on joint semantic
segmentation of RGB images is proposed. On this basis, depth
image branching channels are added to enhance the accuracy
of semantic segmentation. Meanwhile, the 2D key point de-
tection is extended to three-dimensions by predicting the
pixel-by-pixel depth distance difference. The pose is opti-
mized by the ICP algorithm, and the 3D target detection of
indoor scene based on RGB-D images is completed. Finally,
the reliability of the method is proved by analyzing and com-
paring various evaluation metrics and model visualizations.
The validation set, truncated validation set and unlabeled three
cases are tested and visualized. The superiority and good gen-
eralization performance of the method in this paper are further
proved, so as to better solution the problems of small individ-
ual target, multiple types and truncation in indoor scenes.
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