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Abstract: Recently, the growing demand for autonomous driving in the industry has led to a lot of
interest in 3D object detection, resulting in many excellent 3D object detection algorithms. However,
most 3D object detectors focus only on a single set of LIDAR points, ignoring their potential ability
to improve performance by leveraging the information provided by the consecutive set of LIDAR
points. In this paper, we propose a novel 3D object detection method called temporal motion-aware
3D object detection (TM3DOD), which utilizes temporal LiDAR data. In the proposed TM3DOD
method, we aggregate LIDAR voxels over time and the current BEV features by generating motion
features using consecutive BEV feature maps. First, we present the temporal voxel encoder (TVE),
which generates voxel representations by capturing the temporal relationships among the point
sets within a voxel. Next, we design a motion-aware feature aggregation network (MFANet), which
aims to enhance the current BEV feature representation by quantifying the temporal variation
between two consecutive BEV feature maps. By analyzing the differences and changes in the BEV
feature maps over time, MFANet captures motion information and integrates it into the current
feature representation, enabling more robust and accurate detection of 3D objects. Experimental
evaluations on the nuScenes benchmark dataset demonstrate that the proposed TM3DOD method
achieved significant improvements in 3D detection performance compared with the baseline methods.
Additionally, our method achieved comparable performance to state-of-the-art approaches.

Keywords: 3D object detection; LiDAR; temporal; motion-aware aggregation; autonomous driving

1. Introduction

The demand for accurate 3D object detection in robotics and autonomous driving
has spurred the development of various LiDAR-based methods [1-11]. However, most
existing approaches focus on processing individual LiDAR point sets without considering
the temporal data. In real-world scenarios, LIDAR sensors generate a continuous stream of
point cloud data. This temporal sequence provides valuable spatiotemporal information
which can improve detection performance. Neglecting this temporal aspect limits the ability
to leverage sequential data and handle challenges such as occlusion, missing points, and
irregular sampling. In order to address these limitations, it is essential to develop methods
that effectively utilize the temporal structure of LiDAR data. By considering the temporal
order and incorporating motion-aware techniques, we can enhance the accuracy and
robustness of 3D object detection, advancing the capabilities of robotics and autonomous
driving systems.

In order to address these limitations, recent advancements have extended video object
detection techniques to the domain of 3D object detection, and the various techniques are shown
in [12-17]. The authors of [12,14,16,17] proposed harnessing the temporal aspect of LIDAR
data. These include recurrent neural networks (RNNs), such as long short-term memory
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(LSTM), which capture temporal dependencies and learn the evolution of object features
over time. Transformer models, originally developed for natural language processing,
have also been adapted to model the temporal relationships in LiDAR data effectively.
Furthermore, graph neural networks (GNNs) have shown promise in capturing the spatial
and temporal dependencies among LiDAR points, enabling accurate detection and object
tracking. These methods utilize graph representations to model point cloud data and exploit
the interrelations between points within and across frames.

In this paper, we present a new 3D object detection architecture, referred to as
TM3DOD. The key focus of TM3DOD is to leverage the temporal aspects of data to en-
hance the voxel encoder and aggregate the current BEV features by generating motion
features. The proposed TM3DOD method consists of two main components, which are
detailed below.

First, TM3DOD takes into account the temporal relationships between LiDAR scans
within a set of LIDAR points. This set consists of subsets of LIDAR points collected from
temporal laser sweeps. TM3DOD recognizes the distinct subsets when encoding the points
within each 3D voxel. The underlying concept is that points obtained from temporal laser
sweeps may influence voxel encoding in different ways. In order to address this, we
introduce a temporal voxel encoder (TVE), which applies varying attention weights to the
LiDAR points in each sweep.

Second, we aim to enhance the current BEV feature map by leveraging sequential
LiDAR data. We extract individual BEV feature maps from the consecutive LiDAR voxel and
calculate the motion feature by measuring the temporal variation between two adjacent
BEV feature maps. Subsequently, we add each motion feature with the corresponding
BEV feature and concatenate the aggregated features together. This process ensures that
the temporal information is effectively incorporated into the BEV feature map, enabling
improved 3D object detection performance.

In order to verify the effectiveness of TM3DOD, we conducted experiments on the
widely used nuScenes dataset [18]. We applied TM3DOD to two baseline methods: Point-
Pillar [2] and CenterPoint [19]. The results of our experiments demonstrate significant
performance improvements. Specifically, TM3DOD achieved a 4.18% increase in mean
average precision (mAP) compared with PointPillar in an ablation study and a 3.61% in-
crease compared with CenterPoint in the nuScenes test benchmark. These performance
gains highlight the effectiveness of TM3DOD in enhancing 3D object detection accuracy.
Additionally, our proposed TM3DOD method achieved comparable performance to state-
of-the-art methods.

The key contributions of this paper can be summarized as follows:

¢ In this study, we propose a novel 3D object detection architecture called TM3DOD
which leverages the temporal aspects of LIDAR data to improve detection performance.
TM3DOD focuses on enhancing the voxel encoder and aggregating the current BEV
features through the generation of motion features.

e TM3DOD improves the voxel encoder by considering the temporal relationships be-
tween LiDAR scans. It also enhances the BEV feature maps by incorporating sequential
LiDAR data and calculating motion features. These enhancements enable TM3DOD
to better utilize the temporal information for more accurate 3D object detection.

*  Our experiments on the nuScenes benchmark dataset confirm the effectiveness of
TM3DOD, as it achieved substantial enhancements in 3D detection performance
compared with the baseline methods. Moreover, our method achieved comparable
performance to state-of-the-art approaches.

2. Related Works
2.1. 3D LiDAR Object Detection Based on a Single Frame
Overall, 3D object detection techniques using a single snapshot of sensor measure-

ments have undergone rapid advancement and have played a crucial role in autonomous
driving. The existing 3D object detectors can be grouped into three categories according
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to the data used, which are camera-based [20-25], LIDAR-based [1-11,26,27], and fusion-
based methods [28-33]. In this work, we focus on LiDAR-based methods since they are
suitable for obtaining accurate depth information and are less sensitive to illumination and
weather conditions.

Existing works on single-frame LiDAR-based 3D object detection can be roughly catego-
rized into three approaches: voxel-based methods [14,26], point-based methods [5-7], and
hybrid methods which combine both approaches [8-11]. Grid-based methods project the
irregular point clouds onto regular grid representations, such as voxels [3] or pillars [2], to
extract point features using 2D or 3D convolutional neural networks (CNNs). These meth-
ods are more computationally efficient compared with point-based approaches. However,
they suffer from quantization loss due to the limited resolution of the grid representation.
Examples of grid-based methods include SECOND [1], VoxelNet [3], and PartA2 [26]. Grid-
based methods are widely used in autonomous driving applications due to their efficiency.
Point-based methods, on the other hand, retain the geometric information of the point
cloud by directly processing the unordered points using PointNet [34] or PointNet++ [35].
These methods have the potential to achieve better performance than grid-based meth-
ods since they do not suffer from the quantization loss caused by grid representations.
However, point-based methods require additional computation costs for sampling and
grouping points, which can be computationally expensive. PointRCNN [5], 3DSSD [6], and
Point-GNN [7] are examples of point-based methods. Hybrid methods aim to combine
the advantages of both grid-based and point-based approaches. They attempt to fuse the
merits of grid-based feature extraction and point-based geometric information. Although
hybrid methods often achieve better performance than individual approaches, they tend to
be more time-consuming compared with grid-based methods. Some examples of hybrid
methods include FastPointR-CNN [8], STD [9], PV-RCNN [10], and SA-SSD [11].

2.2. 3D LiDAR Object Detection Based on Multiple Frames

Despite the rapid advancements in 3D object detection using single LiDAR point
sets, these methods have limitations due to the lack of utilization of temporal information
in sequence data. In order to overcome the limitations of single point-based 3D object
detection, recent methods [12-17,27,36] have focused on utilizing sequence data to exploit
temporal information. To capture a spatiotemporal representation of point clouds, some
approaches [12,13] employ recurrent neural networks (RNNs) such as LSTM [37] and
GRU [38]. VelocityNet [15] employs deformable convolution to align temporal features.
Other methods [16,17] utilize transformer models known for their superior performance
in sequential tasks such as natural language processing. Transformers excel at capturing
long-range dependencies and complex temporal relationships. As LiDAR point clouds
are affected by egomotion, which can degrade 3D object detection performance, most ap-
proaches mitigate this influence by incorporating egomotion transformation using GPS sen-
sors. However, accurately detecting dynamic objects which undergo siginificant amounts of
motion remains a challenge despite aligning static objects across frames. In order to address
these challenges, 3DVID [13] introduces a temporal transformer attention scheme to align
moving objects. TCTR [14] also has a similar architecture, using temporal information based
on a transformer.

In our proposed method, TM3DOD, we further enhance the temporal aspect by utiliz-
ing temporal motion information in both the voxel and BEV domains. Previous research has
suggested feature aggregation in the BEV domain. However, this has a limitation; the BEV
feature does not contain all of the data information of LiDAR due to encoding. In order to
overcome this, we aim to improve feature representation over time by aggregating LIDAR
voxels and current BEV features through motion feature generation. By incorporating
these enhancements, TM3DOD aims to enhance the accuracy and robustness of 3D object
detection. It effectively leverages temporal information and utilizes motion-aware feature
aggregation to improve object detection across frames.
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3. Proposed Method

In this section, we present details of the structure of the proposed method. We first
provide a comprehensive overview of the proposed architecture for 3D object detection,
referred to as TM3DOD. Afterward, a temporal voxel encoder (TVE) is presented which
considers the temporal correlations between LiDAR data in a voxel domain. Finally, we
explain the motion-aware feature aggregation network (MFANet), which combines BEV
features by using an attention mechanism.

3.1. Owverall Architecture

The overall architecture of our proposed TM3DOD method is illustrated in Figure 1.
TM3DOD comprises two main modules: a temporal voxel encoder (TVE) and motion-
aware feature aggregation network (MFANet). These modules are designed to effectively
incorporate the temporal aspects of LIDAR data and enhance the performance of 3D
object detection.

-

(L

. .,T: ?/

| aeoury |

Temporal LiDAR Sweeps t — i

-

L),

| aedury |

Temporal LIDAR Sweeps t —i + 1

Y,

P——

’

aeaury

D ma—

\,

F I-){ BEV Feature Maps {F}!_,_; ‘
Temporal-Channel Ly E ﬂ SN LiDAR £y Iy ]
Attention Network r 4.4 Backbone | &z 4r Fq =) F,
¥ t t-i W,
Y. .
o
Spatial-Channel
Temporal-Channel __ ﬁ___) LiDAR | Attention Network
Attention Network ] Backbone é F. .
‘ [‘ — t—i+1
Ll e ) =
Conv 3 x3 3D Detection Results
o !
e I Enhanced BEV Feature Maps {?s};t_i I o
Temporal-Channel Ly f Q___) LiDAR s _ _ _ 2 3D Detection
Attention Network { Backbone F F,; Fejya J F, w Head
: 2 t X
LY N w

Temporal LIDAR Sweeps t

Temporal Voxel Encoder BEYV Feature Extractor Motion-aware Feature Aggregation Network

Figure 1. Overall architecture of the proposed TM3DOD method.

In the TVE module, the input consists of consecutive LIDAR points obtained from
temporal laser sweeps. The goal of the TVE module is to produce voxel representative
features over time. In order to achieve this, the TVE module employs a temporal channel
attention network, which assigns varying attention weights to the LiDAR points within
each voxel based on their temporal relationships. This attention mechanism enables the
encoder to focus on the important channels and timestamps of point features while being
robust against irrelevant or noisy points within the voxel. By leveraging the temporal
relationships between LiDAR scans, the TVE module effectively encodes the points within
each voxel, taking into account their varying influences across different laser sweeps.

Once the LiDAR points have been organized into voxels using the TVE module,
shared-weight LIDAR backbone networks are utilized to process N sequential point sets
and generate BEV spatial feature maps. This backbone network plays a crucial role in
extracting discriminative features from the BEV representations, which are essential for
accurate 3D object detection.

Following utilization of the TVE module and the LiDAR backbone networks, the
MFANet module is employed for motion-aware feature aggregation. This module aims to
enhance the current feature map by considering both the current feature map and the pre-
viously generated feature maps. It involves generating motion features by quantifying the
temporal variation between two consecutive visual feature maps. By capturing the changes
in feature representations over time, the motion features provide valuable information
about object dynamics and improve the discriminative power of the feature maps. In order
to incorporate the motion features into the current feature map, each motion feature is
added to the corresponding BEV feature, and the resulting features are added. This enables
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the TM3DOD method to effectively aggregate and integrate the temporal information into
the feature maps, leading to enhanced 3D object detection performance.

In summary, the proposed TM3DOD method leverages the TVE module to capture the
temporal relationships between LiDAR scans, the LIDAR backbone networks for feature
extraction from BEV representations, and the MFANet module for motion-aware feature ag-
gregation. By effectively incorporating the temporal aspects of LIDAR data, TM3DOD aims
to improve the accuracy and robustness of 3D object detection in dynamic environments.

Please refer to Figure 1 for a visual representation of the overall TM3DOD architecture.

3.2. Temporal Voxel Encoder (TVE)

Point Feature Extraction: To encode point features in the temporal domain, we divided
the points within the temporal LiDAR sweeps into fixed time intervals. This process is
illustrated in Figure 2. For each voxel, let P{_ ; represent the (t — i ) point in the j* time
interval. To capture the temporal relationships, we calculated the relative position of
each point PL ; with respect to the mean position of the points within the voxel at time
j, denoted as (x — x4,y — Y4,z — z4). Here, (x,y,z) represents the position of P/ ., and
(x4,Y4,2z4) represents the mean position of the points at time j. This distance computation
was performed for all points within the voxel and across all voxels. The resulting point
features were then processed through a linear layer to extract relevant information.
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Figure 2. The proposed network of the temporal voxel encoder (TVE).

Temporal Channel Attention Network (TCANet): In TCANet, we generated attentive
voxel features by focusing on the crucial channels and timestamps of the point features.

k
Let Vk € RN“¥C be a set of point features of the k' voxel and v;.‘ € RY "€ be a set of point

features of the j sweep in the k' voxel (i.e.,, N = 2}21 N]’-‘). Note that N is the number of
LiDAR points in a voxel. Then, we applied temporal-wise attention (TWA) and channel-
wise attention (CWA) to extract the temporal-wise response U¥ € R/ and channel-wise
response EF € RC, respectively. First, in TWA, the temporal response H* € R/ is produced
through max pooling across the point-wise dimension and channel-wise dimension on each

v}‘, which is a subset of V¥. Similarly, the channel response G* € R is produced through

max pooling across the point-wise dimension of V¥. In order to explore temporal- and
channel-wise correlation, following the attention mechanism called SENet [39], TWA and
CWA extract the temporal-wise attention U* € R/*! and EF € R*C as follows:
U = W0 (WiwaH") 1)
EX = Weya6(WewaGY) (2)

where W! and W? are the weight parameters of two fully connected layers in each attention
module and ¢ is the ReLU function. Next, we obtain the attention matrix M* € R/*€ as follows:
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MF = o(U* © EX) = [m}, ..., m]] € RI*C 3)

where © denotes the matrix multiplication operation and ¢ denotes the sigmoid function,
which is employed to normalize the values of the attention matrix to the range of [0,1]. The
temporal-wise weighted feature Z* for k' voxel is calculated as follows:

7K = maxpool[mk @ o, ..., m’]‘ ® v’]‘] € R (4)

where ® denotes the element-wise multiplication operation and max pooling is performed
across the voxel-wise dimension.

3.3. Motion-Aware Feature Aggregation Network (MFANet)

The goal of MFANet is to leverage the temporal information from consecutive LIDAR
sweeps and incorporate it into the current feature map to improve the accuracy of 3D object
detection. MFANet is illustrated in Figure 3. The BEV features, denoted as F; from times
t —ito t, are extracted from the LiDAR backbone network and passed to MFANet. Note
that F; indicates the BEV feature at time t, and this is the current BEV feature.

Motion-aware Feature Aggregation Network

[
I
--------------------- 1
1 R
F, R Ml
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Figure 3. Proposed network of motion-aware feature aggregation network (MFANet).

In order to generate each motion feature map in the MFANet, a two-step process is
followed. First, the differences between two adjacent BEV feature maps are calculated.
These difference maps are then passed through a convolutional network to extract the
motion features M;:

M; = (convsy3(Fs — F)), o)

In order to further enhance the motion features and enable the network to focus on
important spatial and channel-wise information, the spatial-wise attention (SWA) and
channel-wise attention (CWA) mechanisms are employed. In SWA, the spatial-wise atten-
tion weights are obtained by performing max pooling across the channel-wise dimension of
the motion feature maps. This allows the network to highlight important spatial regions in
the motion features. Similarly, in CWA, the channel-wise attention weights are obtained by
performing max pooling across the pixel-wise dimension of the motion feature maps. This
enables the network to emphasize important channels in the motion features. In order to
generate the attention weights, we used a sigmoid function which normalized the feature
maps between 0 and 1, similar to the TCANet approach. In order to incorporate the gener-
ated attention weights into the current feature map, they were multiplied element-wise
with the corresponding difference map of two adjacent BEV feature maps:

M; = c(CWA(M;) © SWA(M;)) ®@ Ms, (6)
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where M; denotes the enhanced motion feature from CWA and SWA. Finally, the enhanced
motion feature was then added to the corresponding BEV feature map and passed into the
convolution network to generate the final aggregated feature maps F;:

F~s = COHV3X3(MS + Fs>/ (7)

4. Experiments
4.1. nuScenes

The nuScenes dataset is a popular benchmark for 3D object detection in the field of
autonomous driving. It comprises a large collection of annotated driving scenes specifically
designed for evaluating 3D object detection algorithms. The dataset consists of more
than 1000 driving scenes, with 700 scenes designated for training, 150 for validation,
and 150 for testing. In the context of 3D object detection, the nuScenes dataset provides
annotated point cloud data captured by LiDAR sensors. The LiDAR point clouds are
represented by coordinates (x, y, z), a reflectance value (r), and the time lag (A t) between
each point and the corresponding keyframe. In order to enhance the density of the dataset,
the point clouds from the previous 10 sweeps were utilized, resulting in approximately
300,000 point clouds per scene. This allowed for a comprehensive representation of the
scene and enabled accurate 3D object detection. The dataset includes annotations for
various object categories relevant to autonomous driving, such as bicycles, buses, cars,
motorcycles, pedestrians, trailers, trucks, construction vehicles, and traffic cones. For the 3D
detection performance metrics, we used the mAP and nuScenes detection score (NDS) [18]
as suggested for the nuScenes dataset.

4.2. Implementation Details

Architecture: We utilized two widely used 3D LiDAR object detectors as single-frame
baseline detectors. First, we adopted PointPillar [2] in our framework since it has the advan-
tage of low computation with 2D BEV representation. Second, we chose CenterPoint [19]
with a VoxelNet backbone as a baseline so that we could produce a detailed 3D representa-
tion. The range of the point cloud was within [—51.2,51.2] x [-51.2,51.2] x [-5.0,3.0] m
on the (x,y,z) axis, which was voxelized, with each voxel size being 0.2 x 0.2 x 8.0 m
in the PointPillar backbone. On the other hand, we considered the points located within
[—54.0,54.0] x [—54.0,54.0] x [—5.0,3.0] m on the (x,y, z) axis in the VoxelNet backbone.
The grid size for grouping points was set to 0.075 x 0.075 x 0.2 m, and this partitioning led
to a voxel structure 1440 x 1440 x 40 in size. To implement the TVE module, we used the
input features which contained original geometric point information and the distance from
the mean of the points in the temporal bin. We set bin periods of 2 and 5 to extract motion
information at the point level.

Training and Inference: PointPillar [2] and CenterPoint [19] were used as single-frame
baselines to implement the proposed TM3DOD method. We trained the entire network
using a one-cycle learning rate policy for 50 epochs, with a maximum learning rate of
0.003 for PointPillar and 0.001 for CenterPoint, using the whole nuScenes training set. The
sequence length was set to 2 s, which contained 4 keyframes. The proposed model was
trained using data augmentation methods, including the random flipping, rotation, scaling,
and ground truth box sampling used in [1]. We utilized the loss function suggested for
the anchor-based [2] or anchor-free baseline [19] to train the proposed model. An Adam
optimizer was used to optimize the loss function. We trained our proposed method on
4 NVIDIA RTX 2080 Ti GPUs with a batch size of 8 in the PointPillar-based model and a
batch size of 4 in the CenterPoint-based model.

4.3. Performance Analysis

In Table 1, we present a comparison between the performance of the proposed
TM3DOD method and several state-of-the-art 3D object detectors [2,6,19,33,40-47] on
the nuScenes test benchmark.
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Table 1. Performance comparison on nuScenes test benchmark.

Method Input Car Truck Bus Trailer CV Ped. Motor. Bicycdle T.C Barrier NDS mAP
InfoFocus [40] Single frame 779 314 448 37.3 10.7  63.4 29.0 6.1 46.5 47.8 395 395
PointPillars [2] Single frame 684  23.0 282 234 41 59.7 27.4 1.1 30.8 38.9 453 305

3DSSD [6] Single frame 812 472 614 30.5 126 72 36.0 8.6 31.1 479 564 426
PointPainting [41] Single frame 779 358  36.2 37.3 158 733 415 241 62.4 60.2 58.1 464
PointPillars_DSA [42] Single frame 812 438 572 47.8 11.3 733 32.1 7.9 60.6 55.3 59.2 470
SSN V2 [43] Single frame 824 418 46.1 48.0 175 756 48.9 24.6 60.1 61.2 616  50.6
3DCVFEF [33] Single frame  83.0 450 4838 49.6 159 742 51.2 30.4 62.9 65.9 623 527
CBGS [44] Single frame  81.1 485 549 429 10.5  80.1 51.5 22.3 70.9 65.7 633 52.8
CVCNet [45] Single frame  82.7 461  45.8 46.7 20.7  81.0 61.3 34.3 69.7 69.9 642 558
HotSpotNet [46] Single frame  83.1 509 56.4 53.3 230 813 63.5 36.6 73.0 71.6 66.6  59.3
CyliNet [47] Single frame 850 502  56.9 52.6 191 843 58.6 29.8 79.1 69.0 66.1 585
CenterPoint [19] Single frame 852 535 63.6 56.0 200 846 59.5 30.7 78.4 71.1 673 603
3DVID [13] Multi-frame  79.7 33.6 47.1 43.0 181 765 40.7 79 58.8 48.8 - 45.4
TCTR [14] Multi-frame 832 515 63.7 33.0 156 749 54.0 22.6 52.5 53.8 - 50.5
Method of [16] Multi-frame  86.2 572  67.2 35.5 146 855 58.1 37.0 71.3 66.2 66.7  59.0

Our TM3DOD (with PP)  Multi-frame  78.8 43.1 521 48.1 150 718 50.2 15.8 59.2 50.3 60.1 48.44

Our TM3DOD (with CP)  Multi-frame  86.7 56.0  64.6 58.3 27.7 812 72.7 45.2 774 69.3 69.94 63.91

The results demonstrate that the proposed TM3DOD method achieved superior perfor-
mance compared with the existing 3D object detection methods. Specifically, when compared
with the CenterPoint baseline, TM3DOD exhibited a notable improvement of 2.64% in terms of
NDS and 3.61% in terms of mAP. These improvements highlight the effectiveness and robustness
of the proposed method in accurately detecting 3D objects in LIDAR-based systems.

Overall, the experimental results presented in Table 1 demonstrate that the proposed
TM3DOD method outperformed the existing state-of-the-art approaches and established
a new benchmark for 3D object detection in LiDAR-based systems, specifically on the
nuScenes dataset.

4.4. Ablation Study

In this section, we present some ablation studies to verify the effect of the ideas in the
proposed TM3DOD method. Note that our ablation study was performed using PointPil-
lar [2] as a single-frame baseline. Since nuScenes has many training samples compared with
KITTI (28,130 versus 3712), the multiple models were trained with time efficiency using
the downsampled training set (namely the mini-training set) and validated using the fully
valid set. The mini-training set contained about 4000 samples uniformly sampled from the
fully trained set.

First, Table 2 demonstrates the effectiveness of the proposed modules used in TM3DOD.
We trained the model in combination with the baseline and proposed modules (i.e., TVE
and MFANet) while using the mini-training set to validate each of the proposed modules.
When MFANet was added to the baseline, it offered 2.19% and 1.32% performance gains
over the baseline in the mAP and NDS metrics, respectively. For both TVE and MFANet,
it yielded a 4.18% gain in mAP and a 2.40% gain in NDS over the single-frame baseline.
Regarding computational complexity aspects, the runtime increased by 13 ms and 8 ms for
the MFANet and TVE modules, respectively.

Table 2. The ablation study conducted on the nuScenes valid set.

Motion-Aware Temporal o o .
Feature Aggregation = Voxel Encoder mAP (%) NDS (%) Runtime
Single-Frame 41.18 55.53 31 ms
Baseline
Our \/ 43.371\219 56.857\1.32 44 ms
T™M3DOD v v 45'36T4.18 57.937?_4(] 52 ms
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In our analysis, we investigated the impact of the components of the TVE module on
the performance of the model. We conducted experiments and summarized the results in
Table 3. To ensure a fair comparison, we trained the single-frame baseline model using the
mini-training set. We conducted an ablation study on the TVE module using two steps.
First, we verified the effectiveness of temporal channel attention. Second, we analyzed the
performance according to the temporal bin period in the TVE module. When we added the
temporal channel attention mechanism to the voxel encoder, we observed an improvement
in the mean average precision (mAP) compared with the baseline model. It improved
the mAP by 1.25%. We also show the contribution of the temporal bin period in Table 3.
The performance increased by 1.54% when using a temporal bin period of two and 2.67%
when using a temporal bin period of five over the baseline. Furthermore, we explored
the effect of different temporal bin periods on performance. By setting the temporal bin
period to two and five, we observed additional improvements in the mAP by 3.29% over
the baseline. These results demonstrate the effectiveness of incorporating the temporal
channel attention mechanism and optimizing the temporal bin period in the TVE module,
leading to improved performance in 3D object detection tasks.

Table 3. The ablation study of TCANet conducted on the nuScenes valid set.

Modules Performance
Temporal Temporal-Channel o
Bin Period Attention mAP (%) A
- - 37.6 -
- v 38.85 +1.25
2 v 39.25 +1.65
5 v 40.27 +2.67
2 and 5 v 40.89 +3.29

For further analysis, we compared the qualitative results between the single-frame
baseline method and the proposed method on the nuScenes validation dataset. In Figure 4,
the red boxes represent the ground truth, and the green boxes represent the predictions.
In order to verify the effectiveness of the proposed method, we compared the results for a
frame that had both static objects and moving objects. In the baseline method, the static
objects (blue boxes) were detected well, while the moving objects (orange boxes) were not
detected. In contrast, our proposed method detected both static and moving objects.

Baseline

TM3DOD

T=t-2 - T=t

Figure 4. Comparison of qualitative results between the single-frame baseline method and the
proposed method on the nuScenes validation dataset.
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5. Conclusions and Future Work

In conclusion, the TM3DOD framework presents a novel approach to 3D object de-
tection in LiDAR-based systems. By incorporating the temporal voxel encoder (TVE) and
motion-aware feature aggregation network (MFANet) modules, TM3DOD effectively uti-
lized the temporal information from consecutive LIDAR sweeps to improve the accuracy
and performance of object detection. The TVE module captured motion over time with its
temporal channel attention network, enhancing the encoder’s ability to focus on important
points and improve robustness. The MFANet module further improved the detection re-
sults by aggregating the motion features using the current feature map. Our experiments on
the nuScenes dataset demonstrated the effectiveness of TM3DOD compared with LiDAR-
only baselines. The proposed method achieved significant improvements in accuracy and
showed comparable performance to state-of-the-art methods. Nevertheless, there were
some performance decreases for small or stationary objects such as pedestrians, traffic
cones, and barriers. Even if we use the multi-frame LiDAR point cloud data, it is difficult to
improve performance for such categories, which show similar characteristics in terms of
their LIDAR data aspects. As a future work, we need to research 3D object detection with
sensor fusion to overcome these difficult cases.
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