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Abstract: Object detection in 3D point clouds is still a challenging task in autonomous driving.
Due to the inherent occlusion and density changes of the point cloud, the data distribution of the
same object will change dramatically. Especially, the incomplete data with sparsity or occlusion
can not represent the complete characteristics of the object. In this paper, we proposed a novel
strong—-weak feature alignment algorithm between complete and incomplete objects for 3D object
detection, which explores the correlations within the data. It is an end-to-end adaptive network
that does not require additional data and can be easily applied to other object detection networks.
Through a complete object feature extractor, we achieve a robust feature representation of the object.
It serves as a guarding feature to help the incomplete object feature generator to generate effective
features. The strong-weak feature alignment algorithm reduces the gap between different states of
the same object and enhances the ability to represent the incomplete object. The proposed adaptation
framework is validated on the KITTI object benchmark and gets about 6% improvement in detection
average precision on 3D moderate difficulty compared to the basic model. The results show that our
adaptation method improves the detection performance of incomplete 3D objects.

Keywords: autonomous driving; 3D object detection; domain adaptation; feature alignment

1. Introduction

3D object detection [1-3] based on point cloud is an important part of the autonomous
driving perception system. The LiDAR point cloud is accurate in describing the real world,
which is an important guarantee for the safety of autonomous driving. Although a lot of
progress has been made in image-based 2D object detection [4-7], 3D object detection is
still a challenging problem due to the variance of point cloud distribution.

The 3D point clouds are usually generated by emitting and receiving the laser rays
from the center of the LiDAR to the surrounding environment. However, the form of point
cloud generation makes the distribution of the point cloud have different characteristics
from the image. As the distance to the LiDAR increases, the density of the point cloud
will decrease. And the laser ray model will cause distant objects to be occluded by nearby
objects. These characteristics lead to insufficient data on the object, so 3D object detection
performance is unstable. Recent 3D object detection method [8-10] try to handle this
problem. Yi et al. [8] attempt to recover the complete 3D surface from the sparse point
cloud to reduce the difference in the sampling pattern. However, it requires dense surface
point clouds, but the registration of the point cloud is difficult. RANGE [9] utilizes the
generative adversarial network (GAN) [11] to perform cross-range adaptation. But it
focuses on the global consistency between near-range and far-range objects and ignores the
3D characteristics of objects. Du et al. [10] adapts object-wise feature from the perceptual
domain to the conceptual domain. However, the association between the perceptual
object and conceptual object is too strong to learn high-frequency information and the
construction of perceptual scene is very complicated.
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Existing 3D object detection methods usually detect all objects instead of processing
incomplete object separately, which is the difficulty of 3D object detection. There are few
studies on methods for incomplete 3D objects. Some works either have a very complex
preprocessing and need to find the complete object corresponding to each object, or they
are very rough and only consider the overall similarity between complete and incomplete
objects. In this paper, we focus on solving the problem of incomplete object feature
representation. The characteristics of the point cloud ensure that the scale of the object will
remain the same in different locations. Thus we can use the shape and orientation angle
to establish the association between complete and incomplete objects. Different from the
image super-resolution method for data alignment on the raw data, our proposed method
for object adaptation is performed on the intermediate layer of the network to minimize
content loss. As shown in Figure 1, due to occlusion and sparseness, the features extracted
from the incomplete object are difficult to fully represent the object, which leads to the
failure of subsequent detection tasks. Our strong-weak feature alignment algorithm builds
up a relationship between complete and incomplete objects via their shapes and orientation
angles to improve the feature representation of the incomplete object.

(b)20 m - ()30 m

(d) 40 m .. (e) 50 m (f) 60 m

Figure 1. The distribution of object point clouds with different distance. As the distance increases,
the point cloud distribution becomes sparse. (a—f) respectively present the point cloud distribution of
the car from 10 m to 60 m.

We combine the strong and weak feature alignment for object adaptation. For the
strong object feature alignment, we adopt L2 distance to measure the difference between a
pair of complete and incomplete objects. While the object-wise matching might work well
for the object adaptation, as mentioned in [12], the L2 distance will eliminate high-frequency
information and produces results that are too smooth. And the position error caused by
the resolution also affects the feature alignment. Motivated by these observations, we
require the task-level alignment to indirectly achieve the object alignment. We encourage
incomplete objects to achieve the same task through the classifier and box regressor from
the complete object feature extractor. The weak feature alignment retains the information
of the complete object in the network and indirectly performs object-wise alignment.

We evaluate our strong—weak feature alignment model on the KITTI benchmark [13].
Experimental results indicate that the proposed approach could obtain a remarkable
improvement in incomplete object detection.

This paper is structured as follows: In Section 2, we review the related work. Section 3
shows the entire framework of our method and introduces the complete object feature
extractor, the incomplete object feature generator, the strong feature alignment module,
and the weak feature alignment module. In Section 4, the implementation details of our
method are introduced. In Section 5, the qualitative and quantitative experiments on the
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KITTI benchmark are introduced. Section 6 shows the ablation study of our method, and
then the conclusions are given in Section 7.

2. Related Work
2.1. 3D Object Detection

According to the representation of the LiDAR point cloud, the current 3D object
detection method could be roughly divided into three categories: the method based on
3D voxel, the method based on 2D projection view, and the method based on the point-
wise feature.

By discretizing the 3D space into voxels, the 3D convolutional neural network (CNN)
is naturally applied to the voxel. Some early methods [14,15] utilize 3D CNN directly but
are very inefficient. The Voxelnet [16] introduced the voxel feature encoding layer to learn
unified feature representation and avoided the information loss introduced by the manual
feature engineering. SECOND [17] uses sparse convolution [18] to reduce computational
consumption and accelerate the process speed. Sparse convolution considers the sparsity of
the point cloud and only performs the convolution at locations where points exist. Another
method for reducing the computational consumption is to reduce the resolution of the
voxel. Wang et al. [19] propose a cascaded network that subdivides the initial voxel into
smaller voxels to increase the resolution.

To avoid time consumption caused by 3D convolution, some methods project the 3D
point cloud to the 2D image view [20-22]. MV3D [20] generate the 3D proposals based
on the bird’s eye view (BEV) and the multimodal information from BEV, front view, and
image are merged through a fusion network. Yang et al. [23] achieves real-time 3D object
detection by representing the 3D scene from BEV. [22] projects point cloud to pillars and
learns pillar features through a point cloud encoding layer. All operations of [22] are 2D
convolutions which enable a high speed point representation. Although 2D view-based
methods improve the efficiency of processing 3D point clouds, some information might get
lost after the projection.

Point-wise based methods directly extract features from the point cloud which aim
to learn the representation of spatial geometry. Qi et al. [24] proposed a network named
PointNet which uses pooling operations to deal with disordered points. They further
proposed PointNet++ [25] to learn local features through the hierarchical network. F-
PointNet [26] uses raw point cloud for 3D object detection. The proposals of the point
cloud are generated by projecting the detection results of the image to the 3D frustum.
Then the features of proposals are extracted by PointNet and used to estimate the 3D
localization. STD [27] proposed a sparse-to-dense 3D object detector that uses raw point
clouds to generate accurate proposals with spherical anchors. It achieves a high recall.

2.2. Domain Adaptation for Object Detection

The problem of minimizing the difference between the source domain and the target
domain has been studied for the task of object detection. Most of the previous works
have been done for the 2D image. Chen et al. [28] designs image-level and instance-level
domain adaptation to reduce the domain discrepancy. A gradient reversal layer [29] is
used to train the adversarial network. Strong-weak Distribution Alignment [30] focuses
the adversarial alignment on the data that is globally similar and enhances the consistency
of local structural information. There is relatively little research on domain adaptation of
3D point clouds. Rist et al. [31] proposed a cross-sensor domain adaptation method and
demonstrated that dense 3D voxels can better model sensor invariance features. Squeeze-
Segv2 [32] proposes a new model that is more robust to dropout noise and builds a synthetic
database from the simulation engine. In [8], a network is trained to perform the surface
completion from the sparse point cloud and the recovered dense 3D surfaces are used as
an intermediate representation for domain adaption. Wang et al. [9] propose a cross-range
adaptation framework based on the adversarial global adaptation and the fine-grained
local adaptation. Associate-3Ddet [10] bridges the gap between the perceptual domain and
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the conceptual domain for domain adaptation. Compared with these domain adaptation
method, our strong-weak feature alignment algorithm uses existing data to enhance the
incomplete object feature representation without complicated preprocessing or additional
data. It is a completely end-to-end learning process that can be used in other 3D object
detection networks.

3. Method

In this section, we describe the architecture of the proposed strong—-weak feature
alignment method.

The network architecture is illustrated in Figure 2. It consists of four components:
a complete object feature extractor (COFE) to extract the source domain feature from
high-quality 3D objects, an incomplete object feature generator (IOFG) to generate target
domain feature from sparse and occluded 3D objects, a strong feature alignment module for
domain adaptation of object features and a weak feature alignment module that indirectly
minimize the difference between the source domain and the target domain by aligning the
output of the classifier and box regressor.

/ source i
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s = target
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Figure 2. An overview of our strong-weak feature alignment network. We train a complete object feature extractor to get

the complete feature representation, and the incomplete object feature generator is encouraged to generate more robust

features by aligning with complete features. We perform adaptation from two aspects: the strong feature alignment and the

weak feature alignment. Both are trained to align the object-wise features. The strong feature alignment directly minimizes

object feature differences and the weak feature alignment indirectly align object feature with classifier and regressor.

3.1. Complete Object Feature Extractor

Complete object feature extractor provides standard object feature from the com-
plete object as the source domain feature. There are a lot of 3D object detection meth-
ods [16,17,19,22] that can be used as the basic network of our method. In this section, we
choose one of them as the COFE. Following SCNET [19], we utilize an efficient subdivision
encoder that obtains input features by subdividing and encoding the entire 3D space,
and then uses a convolution neural network for feature extraction. This is an end-to-end
network trained on the complete object models. The complete object models should contain
a complete point cloud for each object. Although the 3D CAD model is a good choice,
choosing dense objects in the existing dataset is a potential choice for better integration
with the real scene. After the training of the COFE, the parameters of the network will be
fixed to provide stable reference features for domain adaptation.

During the training phase, we use the same loss functions introduced in SCNET [19].
The loss of the COFE consists of two parts: the focal loss for classification, the regression
loss for location and dimension. The loss of COFE is defined as:
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Lget = Leis + ,BlLreg (1)

where B is set to 2.0 according to SCNET.

For a single-stage detection network, there is a problem of foreground-background
imbalance during training. We use the focal loss to handle the class imbalance problem
following [33]. The classification loss is formulated as:

Lgs = _“t(l - Pt)ylog(p» )

where a and < are the hyper-parameters of the focal loss. p; is the probability score of
the classifier.

We utilize the fixed-size anchors to model the objects. x, v, z are the center coordinates,
w, 1, h are represent the width, length and height of objects, and 6 is the yaw angle around
Z-axis. The basic anchors are presented as {X;, Ya, Za, Wa, la, ha, 0, }, and the ground-truth
object is parameterized as {xg, Yg, Zg, We,lg, Ny, Gg}. In the regression task, we define the
regression target as follows:

Sx = i L0y = i ,0z = e 3)
We Iy hg
dw = log(—=),d0l =log(+=),0h = log(+=), 4)
Wy la a
50 = sin(0, — 0,) )
where d, = v/(I;)? 4+ (w,)? is the diagonal of the anchor bounding box.

Smooth-L1 loss is used to regress the 3D bounding boxes.

Lyeg = ) SmoothL1(6b) (6)
obe(8x,0y,6,2,0w,61,6h,00)

3.2. Incomplete Object Feature Generator

The incomplete object feature generator extracts the features of the distant and oc-
cluded objects. The feature generator takes the subdivided coding features of the point
cloud as input. According to the guidance of the COFE, the generator tries to generate
complete object representation from incomplete data. Because incomplete objects lack
effective points, it is difficult for the generator to directly learn complete feature representa-
tions compared with COFE. Therefore, for the generator to generate ideal and complete
feature representation from incomplete data, the network needs to capture more contextual
information from the environment. Inspired by [8] that generates new structure for com-
pletion purpose with the dense upsampling operation and by [34] that considers both the
importance of elements in different channels and the importance of elements in different
locations in the same channel, this work uses an attention mechanism to adjust the weights
of upsampling operations at different resolutions, as shown in Figure 3. In this way, each
grid in the lower resolution will generate some grids in the higher resolution after the
dense upsampling operation, and the attention mechanism will increase the representation
power of the different resolutions.

The convolutional block attention module (CBAM) [34] consists of the channel at-
tention and the spatial attention module. The input of the channel attention module is a
feature map with H x W x C. Through the max-pooling and average-pooling operation,
two descriptors of the channel with size 1 x 1 x C can be obtained. Both descriptors are
fed into a shared multi-layer perception (MLP) to generate channel attention maps. Then
the attention maps are merged with element-wise summation and a sigmoid function is
used to output the channel weights. Different from the channel attention module, the
spatial attention module utilizes the max-pooling and average-pooling operation along
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the channel axis to generate two spatial descriptors with size H x W x 1. Then the two
descriptors are concatenated and are fed into a convolutional layer to generate weights.
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Figure 3. The architecture of incomplete object feature generator. The feature maps are generated by the convolution

operations. The feature maps of different resolutions are up-sampled to the same size and then concatenated. A channel
attention module and a spatial attention module are added to enhance the generator’s ability to capture more context
information from feature maps of different resolutions.

3.3. Strong Feature Alignment Module

The strong feature alignment module learns the mapping between the complete object
feature and the incomplete object feature. The complete object features are extracted as
the source domain features by the COFE module and the incomplete object features come
from IOFG module as the target domain features. We have observed that an object in the
point cloud has a consistent scale regardless of positions. In other words, the complete and
incomplete objects have the same observation pattern but different point cloud densities.
Thus we can obtain the complete-incomplete pairs through the similarity of the annotations
of objects.

To align the source domain feature and target domain feature, we have established a
complete sample database in the training phase. We extract the complete object features
from the COFE module and save the features and annotations of objects at the same time.
In theory, if the database is large enough, each incomplete object can find the corresponding
complete object. The size of the database is set to 500 and the database is dynamically
updated with new complete object features.

During the training phase, we use F; to represent the incomplete object feature gen-
erated in each mini-batch and the complete sample feature of the database as F;. The
annotations of objects are represented as O, where O consists of the length [, width w,
height £, orientation angle r,, and observation angle r,. Given an incomplete object with
feature f; and its annotation o;, the similarity between complete and incomplete objects is

measured as:
Os - Ot

~ llosll2llot 12
where s and f represent the source domain and target domain.

We choose the top K objects in the database with the highest similarity as candidates.
The guiding feature is calculated as:

Wst

@)

. 1 &
ft:K];fs 8
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Given the incomplete object feature and its corresponding complete object feature,
we minimize the L2 distance between them for domain adaptation. The strong feature
alignment loss can be written as:

Lstrong = Z ”ft _ft”2 (9)

ftEFt

3.4. Weak Feature Alignment Module

Although the complete database helps to align the source domain data and the target
domain data in an observation pattern, they are not spatially aligned. We choose the grid
with the largest intersection over union (IOU) between the anchor bounding box and the
ground truth bounding box as the basic grid of the object. As shown in Figure 4, each
anchor has a center grid and a default bounding box. The two cars have the same size and
observation angles, but their relative position to the anchor is different. The regression goals
of the two objects of the same observation pattern are different. This spatial misalignment is
caused by the resolution of the feature map. Meanwhile, the L2 distance used in the strong
feature alignment module is difficult to deal with the uncertainty inherent in recovering
high-frequency details.

The weak feature alignment module uses part of the complete object feature extractor’s
network to convert feature alignment to label alignment, as shown in Figure 2. Especially,
the incomplete object feature generator shares the parameters of the classifier and the Box
regressor from the COFE. The parameters are from the pre-trained COFE and thus are also
fixed in the training phase of IOFG. The Weak feature alignment ensures that regardless of
whether the object is complete or incomplete, the output should be the same for objects
with the same label. The fixed network acts as a weak discriminator and requires the
generator to generator to generate features consistent with the source domain. The weak
loss is formulated as follows:

Lweak = DxNG(x) (10)

where D means the classifier and box regressor of COFE, and G represents the incomplete
object feature generator.

N f(/ﬁ\\

Figure 4. Position errors caused by the resolution. The objects with the same observation patterns
have different regression targets (éx, dy) corresponding to the anchors.
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3.5. Loss

In the training phase, the complete object feature extractor is first trained. The input of
the COFE is the complete objects filtered from labeled data. There are two filter conditions:
objects within near range to ensure that the objects are dense enough, and the objects
without occlusion or truncation to ensure that the objects are complete. After training of
COFE, the parameters are fixed to guide the IOFG. The far-range objects and corresponding
scenes are fed into the IOFG. We denote the total loss of our IOFG as Lg:

Lg = Lyeak + ﬁLstrong (1)

where £ is a hyper-parameter to balance the strong and weak alignment loss.

After the training phase, the incomplete object feature generator can independently
generate complete features without the COFE. In the inference phase, the COFE and the
complete database can be removed.

4. Implementation

In this section, we introduce the implementation of the proposed strong-weak align-
ment network.

4.1. Dataset and Metrics

We evaluate our method on the KITTI-object benchmark [13]. The target category
of detection is set as the car. The benchmark dataset contains 7481 training data and we
follow a previous work [35] to split it into a training subset of 3712 frames and a validation
subset of 3769 frames. There are three difficulty levels of samples according to the size,
occlusion, and truncation of the object. The evaluation of the method for object detection is
performed on the three levels.

We follow the KITTI evaluation protocols to evaluate our method in the BEV and
3D view. The average precision (AP) is reported to evaluate the performance. The IOU
threshold is set to 0.7.

4.2. Implementation Details

We use the SCNET [19] as the basic network of the complete object feature extractor.
We first perform subdivision encoding in each grid as the input feature and follow a back-
bone network to extract the complete object features. The incomplete network share similar
structure of COFE but an extra convolutional block attention module which combines the
spatial and channel attention. The input of CBMA is the concatenated feature map of three
upsampling feature maps with different resolutions. Thus the CBAM helps to obtain more
context information from different resolution feature maps. Especially, COFE and IOFG
share the parameters of classifier and box regressor for weak feature alignment.

Since cars are the main participant in transportation and have a large number of
samples in the dataset, we only report the results of cars for comparison. Following [17],
we select the data within [—3,1] x [—40,40] x [0, 70.4] meters along the Z, Y, and X axes.
The resolution of the grid is set to 0.2 m.

All of the networks are trained with Stochastic Gradient Descent (SGD) optimizer. We
use an exponential decay learning rate strategy. The initial learning rate is set to 0.0002
and the decay weight is 0.8 every 15 epochs. The batch size in the training phase is set to 3.
The hyper-parameters of focal loss are set to & = 0.25 and y = 2. The trade-off parameter
B between strong and weak feature alignment is set to 0.1. We set K = 5 to create the
guiding features.
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5. Experiments

The completeness of the data is mainly determined by the distance and occlusion.
Distance will bring sparseness, so far-range objects are all incomplete. For a better valida-
tion of our method, we define the source domain as near-range complete objects without
occlusion or truncation and the target domain as far-range objects. The range threshold is
set to 35 m.

First, we train the COFE to get the detection results of complete objects, as shown in
Table 1. It represents the upper bound of performance. The excellent performance shows
that the COFE model can be used to guide the IOFG to generate enhanced features. The
result also shows that the pre-trained complete object feature extraction model cannot be
used directly on incomplete data, so it is necessary to perform object feature alignment.

Table 1. The object detection performance on different training datasets and validation datasets.

AP-BEV AP-3D
Training Validation
Easy Moderate Hard Easy Moderate Hard
Complete Complete 89.99 89.96 89.04 87.68 87.23 79.08
Complete Incomplete 0 48.73 48.01 0 29.41 29.34
Incomplete Incomplete 1.14 62.95 60.29 1.01 40.40 37.06

As shown in Table 2, we evaluate our strong-weak feature domain alignment network
on the 3D object detection and BEV object detection on the validation dataset. We have
used SCNET as a baseline model to train the target domain data. For 3D object and BEV
object detection, we have demonstrated that our method can improve the accuracy of
incomplete object detection.

We further compare the impact of different feature alignments on performance. The
improved feature generator with CBAM has limited performance improvement without
feature alignment. We find that the weak feature alignment module provides more gain
than strong feature alignment module. The fixed classifier and box regressor help the
feature generator to generate more robust feature representations than the strong feature
alignment. Especially, the improvement of 3D object detection shows our method with
strong and weak feature alignment learns more expressive features.

Table 2. The object detection performance of our method. S denotes the strong feature alignment
and W denotes the weak feature alignment.

AP-BEV AP-3D

Methods
Easy Moderate Hard Easy Moderate Hard
Baseline 1.14 62.95 60.29 1.01 40.40 37.06
IOFG 1.82 63.30 61.14 1.52 40.41 38.74
IOFG (S) 9.09 63.31 61.69 9.09 45.33 40.65
IOFG (W) 9.09 63.44 61.72 9.09 45.90 41.21
IOFG (S + W) 9.09 64.34 62.66 9.09 46.46 42.06

We present several qualitative results in Figure 5. Figure 5 shows comparison results
of baseline and our method on the validation dataset. We only show the results of far-range
object detection. It is observed that occluded and distant objects can be well detected by
our strong-weak feature alignment method. The posture prediction is more accurate and
even the unlabeled objects can be effectively detected.
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Figure 5. The qualitative results on the KITTI validation. For better visualization, we only present the results of far-range
object detection. The green bounding box is the annotations. The yellow bounding box represents the results of the baseline,
and the red bounding box represents the results of our method. The first row shows the results of our method. The second
row shows the results of baseline method, and the third row shows the RGB images. (a) shows that our method can
detect unlabeled objects, and (b) shows that our method can predict more accurate directions. (c,d) show that our method
improves the recall rate compared with the baseline method.
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6. Ablation Study
6.1. Hyper-Parameter of Guiding Feature

We define the guiding feature as the feature average of the K most similar object to the
incomplete object in the complete database. We select different K values for experiments
to evaluate the effect of K for constructing the guiding feature. The smaller K indicates
that the complete object and the incomplete object are more similar in the observation
pattern. We set K as 1, 5, 10, and 20. The results under different settings are shown in
Table 3. Due to the limited capacity of the dynamic database, when the value of K increases,
some unmatched object features will participate in the construction of guarding features.
In theory, smaller K will get better performance. The experiment shows a similar trend. It
is observed that k = 5 gets the best result. However, if the K is too small, the performance
will decrease. Since the object similarity measurement is based on the length, width, height,
observation angle, and orientation angle, it is difficult to represent the sensitivity of the
position. Specifically, the smaller K value is more sensitive to the position errors.

Table 3. Performance for Different hyper-parameters of guiding feature.

AP-BEV AP-3D
Methods
Easy Moderate Hard Easy Moderate Hard
K=1 9.09 63.57 61.42 9.09 44.35 39.67
K=5 9.09 64.34 62.66 9.09 46.46 42.06
K=10 9.09 62.75 61.17 9.09 45.67 40.93
K=20 9.09 63.12 61.42 9.09 43.87 39.73

6.2. Different Strategies for Strong Object Feature Alignment

We compare the different strategies for strong object feature alignment. RANGE [9]
proposed a fine-grained local adaptation network, which uses the weighted average object
feature in the near range as the targeted feature of a far-range object. The same source of
data helps to improve the consistency of the object features. In our method, the targeted
feature are from the complete object database.

As is shown in Table 4, the weighted average object feature in the near range does
improve the performance. However, this improvement is weaker than our complete object
guidance method. With different 3D shapes or observation angles, the distributions of the
objects are different. It is not a simple linear relationship between different observation pat-
terns. Although RANGE can find the invariance of object features, it will bring redundant
errors like higher K.

Table 4. The comparison of different feature alignment method at object-wise level.

AP-BEV AP-3D
Methods
Easy Moderate Hard Easy Moderate Hard
Baseline 1.14 62.95 60.29 1.01 40.40 37.06
RANGE [9] 9.09 63.51 61.97 9.09 44.56 39.75
Ours 9.09 64.34 62.66 9.09 46.46 42.06

6.3. Improvement at Different Distances

We further present a comparison to validate the performance at the different distances.
The distribution of objects still varies greatly with distance. Since our target domain is
defined as the far-range objects, the sparsity caused by distance makes it difficult for the
object to learn robust features. Therefore, it is necessary to evaluate the effectiveness of our
method on distance.

As is revealed in Table 5, we have improved the performance of object detection in
each distance interval, especially in the range of 35 to 50 m. But as the distance increases,
the basic performance and improvement gradually weaken. As shown in Figure 6, the
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number of samples gradually decreases after 30 m. Insufficient training samples will cause
performance degradation. And Figure 1 shows the distribution of object point clouds with
similar observation angles and different distances. It is observed that the far-range object is
covered by a small number of points, so it is hard to generate robust feature representation
for object detection.

Table 5. Performance improvement at different distances on APs,.

Baseline Ours
Methods
Easy Moderate Hard Easy Moderate Hard
35-40 m 0.37 48.57 45.13 9.09 56.81 51.12
40-45m 0.00 39.15 33.60 0.00 40.57 38.48
45-50 m 0.00 21.93 21.10 0.00 32.02 27.84
50-55 m 0.00 16.11 13.86 0.00 16.45 14.89
500
400
» 300 A
(]
!
E
S
=
200 A
100 -
0 .
0 20 40 60 80
Distance

Figure 6. Histograms for the distance of cars.

6.4. Performance of Different Basic Networks

Our strong-weak feature alignment method is a general model adaptive method that
can be applied to various point cloud object detection network. The 3D object detection
framework is composed of point cloud rasterization and object detection network. We
compared the performance of the adaptive method on SCNET [19], MV3D [20] and Point-
Pillars [22]. MV3D is a typical network that encodes point clouds manually. Pointpillars is
chosen because it is a detection network based on BEV encoding. The three networks have
similar coding methods and detection processes.

Table 6 respectively records the performance of the target domain with and without
adaptive method. It can be seen that no matter which basic model, the proposed adaptive
model can improve the detection performance on the target domain.
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Table 6. Performance of different basic networks.

AP-BEV AP-3D
Methods

Easy Moderate Hard Easy Moderate Hard
SCNET (w/0) 1.14 62.95 60.29 1.01 40.40 37.06
SCNET (w) 9.09 64.34 62.66 9.09 46.46 42.06
MV3D (w/o) 9.09 58.93 56.76 9.09 35.66 34.04
MV3D (w) 9.09 62.21 60.14 9.09 41.80 40.41
PointPillars (w /o) 4.55 61.20 59.25 0.00 39.08 37.75
pointPillars (w) 9.09 63.82 62.43 9.09 45.96 41.14

7. Conclusions

In this paper, we have proposed a novel method for 3D object detection based on strong
and weak feature alignment. We construct a complete object feature extractor to provide
standard feature representation for incomplete objects. And the incomplete object feature
generator is encouraged to generate more robust features under the guidance of complete
features. Our method makes full use of the existing data to construct the relationship
between complete and incomplete objects, and enhances the feature representation ability
of incomplete objects without additional information. Our method can be easily applied
to other object detection networks. We evaluate our method on the KITTI dataset and
demonstrate that the combination of strong and weak feature alignment can significantly
improve the detection performance of incomplete objects.
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