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Abstract: LIDAR has been widely used in autonomous driving systems to provide high-precision
3D geometric information about the vehicle’s surroundings for perception, localization, and path
planning. LiDAR-based point cloud semantic segmentation is an important task with a critical real-
time requirement. However, most of the existing convolutional neural network (CNN) models for 3D
point cloud semantic segmentation are very complex and can hardly be processed at real-time on an
embedded platform. In this study, a lightweight CNN structure was proposed for projection-based
LiDAR point cloud semantic segmentation with only 1.9 M parameters that gave an 87% reduction
comparing to the state-of-the-art networks. When evaluated on a GPU, the processing time was
38.5 ms per frame, and it achieved a 47.9% mlIoU score on Semantic-KITTI dataset. In addition,
the proposed CNN is targeted on an FPGA using an NVDLA architecture, which results in a 2.74x
speedup over the GPU implementation with a 46 times improvement in terms of power efficiency.

Keywords: LiDAR; point cloud; semantic segmentation; CNN; GPU; FPGA.

1. Introduction

Nowadays, LiDAR sensors have become indispensable for the emerging autonomous
driving vehicles. LiDAR sensors are usually installed on autonomous cars for perception [1],
mapping [2], and positioning [3]. Compared with a traditional camera sensor, LIDAR can
capture very precise distance measurements from the surrounding environment. One of the
main tasks for LIDAR-based processing on Semantic-KITTI challenges [4] is the real-time
point cloud semantic segmentation.

In general, LiDAR point cloud segmentation networks can be divided into two major
subcategories: the projection-based method and the point-wise method. The projection-
based method is to project the 3D point cloud into a 2D spherical projection [5] or a bird’s
eye view (BEV) [6]. Subsequently, deep neural networks for 2D images can be directly
employed. As described in [7], the point-wise method directly operates on the original
3D points. It divides the 3D space into voxel grids and utilizes neural networks to extract
features from the grids. Although the number of network parameters of a point-wise
method is slightly lower, the computational load is much higher owing to operations of
all fully connected layers. The projection-based method can achieve comparable, state-of-
the-art accuracy while running significantly faster. In this study, we followed this method
based on spherical projection.

Most of the existing point cloud segmentation networks are very complex in structure
and have a large number of parameters. Even when running on the latest GPUs, they can
rarely match the real-time rate of a LiIDAR sensor at 10 Hz. This prevents them from being
applied directly to an autonomous driving system. Therefore, a lightweight CNN at a
comparable accuracy is highly desirable for those time-critical applications.

In this article, we propose a real-time LiDAR point cloud semantic segmentation
network, which can run in real time on the GPU. In addition, we also propose several
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optimization techniques aimed at converting the ordinary CNN structure into a hardware-
friendly structure. As a result, the proposed CNN network is successfully targeted on an
FPGA with a processing time of only 17.7 ms. That is much faster than the 10 Hz of the
LiDAR sensor data rate, leaving ample time for other perception and planning tasks for the
vehicle controller. The contributions of this article are summarized as follows:

(1) To our knowledge, this is one of the first end-to-end FPGA implementations for real-
time LiDAR point cloud semantic segmentation. A LiDAR sensor is directly connected to
the FPGA via an Ethernet port. After pre-processing by the LIDAR driver on the embedded
processor inside the FPGA, the point cloud is stored in the DDR memory that can be
accessed by the on-chip CNN hardware accelerator.

(2) A real-time and lightweight CNN-named network is proposed, whose mloU score
was 47.9%on the Semantic-KITTI dataset. The network extracts features from two branches:
one shallow branch for spatial information and one deep branch for context information.
Its inference time on an NVIDIA RTX 3090Ti was about 38.5 ms.

(3) By balancing the on-chip memory and multipliers, our proposed network achieved
a real-time processing speed of 56 frames per second (fps) when targeted on the ZCU104
MPSoC FPGA platform.

The rest of the article is organized as follows: Section 2 summarizes the existing
research on LiDAR point cloud semantic segmentation and the FPGA implementations
of segmentation networks. In Section 3, the proposed segmentation network model is
described in detail with evaluation performance on the GPU. The FPGA system architecture
and its implementation results are discussed in Sections 4 and 5, respectively. Finally,
Section 6 concludes the entire article.

2. Related Work
2.1. Semantic Segmentation of Lidar Point Clouds

In recent years, the use of deep neural networks for semantic segmentation of 3D
LiDAR point clouds has made great progress [7-12].These mainstream network structures
for semantic segmentation basically use full convolutional networks [13], multi-branch
models [14], and encoder—decoder structures [2]. However, these network structures are
difficult to achieve the balance of processing speed and segmentation accuracy. Based on
the above reasons, we propose a multi-branch network model to extract spatial features
and context features separately, and then these features are fused together to generate
the semantic information, thus achieving both a real-time processing speed and a high
precision of segmentation.

The core difference between these advanced methods is not only in network design
but also in the representation of point-cloud data. Point-wise methods directly process the
original irregular 3D points without any pre-processing, such as the mainstream method,
namely, PointNet [15-18] and its subsequent version PointNet++ [16]. Although such
methods are powerful on small point clouds, the computation load on larger point-cloud
data sets becomes very heavy and requires a much longer processing time.

The projection-based method is to project the 3D point cloud into a 2D bird’s eye
view (BEV) [6] or spherical projection [5]. PolarNet [19] used the BEV projection, which
projects the point cloud data into the BEV representation in polar coordinates. Squeeze-
Seg [8], SqueezeSegV2 [10], SqueezeSegV3 [20], and RangeNet++ [9] utilized the spherical
projection mechanism to convert a 3D point cloud into a frontal-view image or a spherical-
projection image and adopted standard 2D convolutional networks in image space for
semantic segmentation. SalsaNext [7] made a series of improvements to the backbone
network in SalsaNet [21], adding a new global context block and an improved encoder—
decoder [22] to achieve state-of-the-art results in 3D LiDAR semantic segmentation using a
spherical-projection image as input.

2.2. Fpga Implementations of Segmentation Networks

In autonomous driving or advanced driver-assistance systems (ADAS), the LiDAR
point-cloud-segmentation algorithm must fulfill a real-time requirement, so it is often
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implemented on embedded platforms such as ASIC, FPGA, or mobile CPU/GPU proces-
sors [23,24]. Some of the previous works [25,26] mainly used a one-dimensional shrinking
array to accelerate matrix multiplication on FPGA, which achieved an efficient resource uti-
lization and a low bandwidth. The newly proposed neural network architecture [27] used
the single-instruction multiple-data (SIMD) structure for matrix multiplication.Continental
AG released the assisted autonomous driving control unit (ADCU) based on the Zynq
UltraScale+ MPSoC chip. The control unit supported LiDAR processing but did not reveal
technical details. In [28,29], the LIDAR sensor was connected to the PC via Ethernet. After
pre-processing the LiDAR point cloud on the PC, feature maps were fed to the neural-
network accelerator in the FPGA. NVIDIA proposed the DRIVE AGX autonomous driving
computer platform based on the Xavier SoC chip, which can process the point cloud data
received from the LiDAR sensor.

3. Proposed Network

In this section, we describe our method in detail from the point-cloud representation,
the CNN architecture, and the network training. Finally, the performance evaluation of the
network is given.

3.1. Spherical Projection of LIDAR Point Cloud

As in [9], we projected a sparse 3D LiDAR point cloud onto a spherical surface, and
the generated range view (RV) image of the LiDAR allows standard 2D convolution to
be processed.

In the RV image, each raw LiDAR point (x,y, z) is mapped to the image coordinate

(u,v) as 1 B
(4)= (At le ) .

where (u, v) are the image coordinates, (11, w) are the height and width of the desired range
image representation, r represents the range of each point as r = /x% +y2 + 22, and f
defines the sensor vertical field of view as f = | faowm | + | fup|-

For each point projected to (1, v), we used its 3D point coordinates (x, y, z), distance
index r, and intensity value i as the characteristics and stacked them along the channel
dimension. In this way, we can represent a 3D LiDAR point cloud as an RV image with the
shape [w x h x 5] and feed it to the network, and then the point-cloud segmentation can be
transformed to image segmentation.

3.2. Network Architecture

Our proposed network follows a multi-branch model design, extracting the spatial
and contextual features separately and then fusing these features to recover the network
information. The network structure is shown in Figure 1. The network is inspired by
ContextNet [30], BiSeNet [31], and SalsaNext [7]. The RV image projection of the point
cloud is used as the input of the network, as described in Section 3.1.
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Figure 1. Architecture of the proposed CNN for point-cloud semantic segmentation.

Context path: Semantic segmentation involves pixel-level classification and spatial
location information of pixel categories. Therefore, effective context information and
original image spatial detail information are important to semantic-segmentation tasks. In
order to capture the contextual information of different global regions, we placed an input
convolutional layer and two residual modules from ResNet18 [32] at the front end of the
network for eight times fast down-sampling. We added global average pooling (GAP) at
the end of ResNet18, thus providing a larger receptive field. Next, a global context module
(GCM) was introduced to refine the context information, and we used it to guide the feature
learning of the current path. In our previous work [23], GCM was modified from the
attention refinement module as in [31]. As shown in Figure 2a, a GCM consists of a global-
average-pooling layer and a convolutional layer that extracts global context features. These
improved global features are applied to contextual feature fusion by multiplication. The
sigmoid layer determines whether to apply global features or not. It integrates the global
context information easily without any up-sampling operation. Therefore, the computation
cost is negligible.

Spatial path: The spatial path mainly captures the spatial details of the input image and
contains only four convolutional layers. The first three convolutional layers each contain
a stride 2 convolution, followed by batch normalization [33] and ReLU [34]. Therefore,
the output feature map extracted by this path was 1/8 of the original image. Due to the
large spatial size of the feature map, it encodes rich spatial information. Figure 1 shows the
details of the structure.

The feature-fusion module (FFM) [31] is to fuse the output features from the context
path and the spatial path, as shown in Figure 2b. Since the features of the two paths
are not the same, the two parts of the features cannot be simply weighted, but they are
superimposed through concatenation. The FFM module includes the global-average-
pooling layer, 11 convolutional layers, an ReLU activation layer, and a sigmoid layer. At
the end of the network, the FFM output is up-sampled eight times using the bi-linear resize
algorithm to produce the output in the same size of the input.

The number of channels is chosen to be a factor of 32. This is based on the number of
parallelism that the hardware accelerator can support in order to maximize its efficiency.
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Figure 2. (a) Structure of GCM; (b) structure of FFM.

3.3. Training Details

This 3D point-cloud semantic-segmentation network was implemented using PyTorch,
and it was trained on a single NVIDIA RTX 3090Ti GPU. Following previous work [9,10],
we performed spherical projection processing on all points following Equation (1). We
projected all points in a scan into a 64 x 2048 image. If multiple points are projected to the
same pixel of a 2D image, the point with the largest distance is retained. Then, we used 2D
convolution to process the range-view image to obtain a 2D predicted label map, and then
we restored it to 3D space.

During training, the network was trained with an initial learning rate of 0.01, and the
batch size was set to 24. In the inference process, the original point cloud via spherical
projection was fed into the network, and the 2D prediction result was obtained. Then, we
used the restoration operation to obtain the 3D prediction, as in the previous work [9,10].

3.4. Dataset and Evaluation

Semantic-KITTI [4] is a large-scale dataset for 3D LiDAR point-cloud segmentation,
including semantic segmentation and panoptic segmentation. The dataset contains 22
sequences of point-cloud data. We follow the same protocol in [9], where the sequences
between 00-10 are the training data, and the sequence 08 is used for validation. The
remaining sequences between 11-21 are testing data.

Evaluation Metric: In order to evaluate the proposed method, we followed the official
guidance and used the mean intersection-over-union (mloU) as the evaluation metric
defined in [4,35], which can be formulated as:

1 & TP:
ou==-Y 2
mlou C & TP, + FP. + FN; @

where TP, FP;, and FN, correspond to the number of true-positive, false-positive,
and false-negative predictions for class ¢ where c is the class number.



Electronics 2022, 11, 11

6 of 13

Quantitative Results:Following previous work [9], we used mloU over 19 categories
to evaluate the accuracy. Table 1 shows the quantitative results obtained compared with
other state-of-the-art point-wise and projection-based methods. The mean IoU score (47.9%)
of our proposed model was slightly lower than that of the state-of-the-art models due
to the reduced network complexity. In contrast to the baseline BiseNet, we obtained an
improvement greater than 6.5% in terms of the accuracy, with the best performance in 18
of the 19 categories. When it comes to the performance of each individual category, the
proposed network has comparable performance similar to other approaches.

For qualitative evaluation, Figures 3 and 4 show some semantic-segmentation results
generated by the 3D point-cloud segmentation network on the Semantic-KITTT test set.
In order to compare the results more easily, Figure 3 shows the results using spherical
projection, with each color representing a different semantic class. We can see that ground
points are divided into a road and a sidewalk. In particular, the road needs a significant
amount of contextual information and information from neighboring points, since a small
curb usually distinguishes the sidewalk from the road. The network clearly can distinguish
the objects such as cars on the road.

Network

B oad M sidewalk parking B car Il motoreycle pole

.vcgclalion terrain . trunk j building Other-object . unlabeled

Figure 3. An inference result of the proposed segmentation network.

(@) (b) (c)

Figure 4. Qualitative results of our semantic segmentation network. (a) Input volume; (b) segmenta-

tion network predictions; (c) ground truth.



Electronics 2022, 11,11

70f13

Table 1. Segmentation mIoU (%) results on the Semantic-KITTI test dataset.
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PNet [15] 146 463 13 03 01 08 02 02 0 616 158 357 14 414 129 31 46 176 24 37
PNet++ [16] 201 537 19 02 09 02 09 1 0 72 187 418 56 623 169 465 138 30 6 89
SPGraph [12] 20 683 09 45 09 08 1 6 0 495 17 242 03 682 225 592 272 17 183 105

SPLATNet [36] 28 666 0 0 0 0 0 0 0 704 08 415 0 687 278 723 359 358 138 0
TgConv [37] 359 868 13 127 116 102 171 202 05 89 152 617 9 828 442 755 425 555 302 222
RLNet [38] 503 94 198 214 427 387 475 488 46 904 569 679 155 811 497 783 603 59 442 381
SqueezeSeg [8] 295 688 16 41 33 36 129 131 09 854 269 543 45 574 29 60 243 537 175 245
SSG-CRF [8] 308 683 181 51 41 48 165 173 12 849 284 547 46 615 292 596 255 547 112 363
SSGV2[10] 397 818 185 179 134 14 201 251 39 886 458 676 177 737 4L1 718 358 602 202 363
SSGV2-CRF [10] 396 827 21 226 145 159 202 243 29 885 424 655 187 738 41 685 369 589 129 41
SalsaNet [21] 454 875 262 246 24 175 332 311 84 897 517 707 197 88 48 73 40 617 313 419
RangeNet21 [9] 474 854 262 265 186 156 318 336 4 914 57 74 264 819 523 776 484 636 36 50
RangeNet53 [9] 499 864 245 327 255 226 362 336 47 918 648 746 279 841 55 783 501 64 389 522
RangeNet53* [9] 522 914 257 344 257 23 383 388 48 918 65 752 278 874 586 805 551 646 479 559
SSGV3 [20] 559 925 387 421 296 33 456 462 201 917 634 748 264 89 594 82 587 654 496 589
SalsaNext [7] 595 919 483 386 389 319 602 59 194 917 637 758 291 902 642 818 636 665 543 621
BiseNet [31] 414 859 107 62 387 11 159 492 0 909 301 748 0 752 292 795 475 72 404 296
Ours 479 873 194 276 466 283 435 573 16 912 341 752 21 813 369 78 494 731 415 363
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3.5. Run-Time Evaluation on Gpu

In autonomous driving, the processing time of the network must meet real-time
requirements. In order to obtain fair statistics, all measurements were performed on the
same single NVIDIA RTX 3090Ti-24GB card using the entire Semantic-KITTI dataset. The
total run-time performance of our proposed network compared with other networks is
shown in Table 2. As depicted in Table 2, compared with BiseNet [31], our method clearly
shows better performance, while the parameters were reduced by about seven times. When
the uncertainty calculation is excluded and a fair comparison is made with the deterministic
model, our model can run at 26 Hz. Note that the high speed we achieved is significantly
faster than the frame rate of mainstream LiDAR sensors that is are at 10 Hz or 20 Hz [39].

Table 2. Run-time performance on the SemanticKITTI test set.

Processing Time (msec) Speed (fps) Parameters
BiSeNet [31] 59.60 ms 17 Hz 141 M
Ours (GPU) 38.50 ms 26 Hz 19M
Ours (FPGA) 17.76 ms 56 Hz 19M

4. FPGA-Based System Architecture

The FPGA-based system architecture for the proposed LiDAR point-cloud semantic-
segmentation network is shown in Figure 1, which is partitioned into the software part
on the ARM processors and the hardware part on the programmable logic (PL). The
image adjustment of the input and output of the neural network is mainly processed
using the OpenCV library functions [40] running on the ARM processor. In this study, we
implemented the NVIDIA Deep Learning Accelerator (NVDLA) framework on the PL side
that is interconnected with the dual-core ARM processor through the AXI4 bus. The CNN
inference executes on the NVDLA architecture as an FPGA-based hardware accelerator.

The NVDLA hardware-accelerator architecture consists of the following four com-
ponents: (1) calculation of the convolution engine unit; (2) the activation engine; (3) the
pooling engine; (4) the feature-map (FM) buffer and the weight buffer. The 2D convolution
and adder tree were embedded in the convolution engine module. The above parts were
configured based on the on-chip resources available on the target FPGA platform, and the
block diagram of the hardware architecture is illustrated in Figure 5.

ARM DDR memory
v v
- -
= T
= Conv engine En 2
B ] o]
= . = g
= - P 5 &0
] 2D conv | |: _'@EB BERREE
@) £ 2
< ~
weights *
NVDLA

Figure 5. Hardware architecture of the CNN accelerator on the FPGA.

4.1. Software Tasks on Arm Processor

As shown in Figure 6, in order to fully use the computing resources available on the
FPGA, our point-cloud processing algorithm was partitioned to the ARM processor and
programmable logic. The neural network input pre-processing and output-image resize
were processed on the ARM processor as software, while the entire CNN inference was
implemented using NVDLA on the programmable logic. All three tasks were scheduled as
a pipeline, thus increasing system throughput.
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ARM RV Image Resize RV Image Resize cee ecee oo
thread i» £
NVDLA CNN CNN oo o
ARM i }

RV Image Resize RV Image Resize

thread
Figure 6. Pipeline processing between the ARM processor and the CNN accelerator.

4.2. Convolution Engine

As shown in Figure 7, the NVDLA standard convolution engine was configured with
a convolution buffer. When the convolution operation is enabled, the addresses of FM and
weights in the main memory are configured in the registers, and then data are pre-fetched
to the FM buffer for operations, reducing the overhead of memory access. The core of the
convolution engine is the multiply-accumulate (MAC) array. The array size is configurable
by optimizing it for parallel operations. In Figure 7, taking a 3 x 3 kernel as an example, it
consists of nine multipliers and an adder tree. In this work, the size of the MAC array was
32 x 32.

|
‘ |
g
< 06 , B4
= ® OO 8
2 ®R® "
weights Convolution engine -

Figure 7. Hardware structure of the convolution engine.

4.3. GCM Module and FFM Module

Both GCM and FFM modules need to operate using completely different computing
modes. The pooling engine of NVDLA was adopted to realize the global average pool,
which was used to calculate the average value of the whole channel. The following 1 x 1
convolution was mathematically equivalent to a vector-matrix multiplication and can be
routed to the convolution-engine module. The NVDLA activation engine module supports
a wide variety of linear and non-linear operations, provides native support for linear
functions, and uses look-up tables (LUTs) to implement non-linear functions. Therefore,
the calculation of the ReLU function and the sigmoid function can be realized.

4.4. Memory Mapping

The on-chip memory separately stores weight-data, feature-mapping, and global-
pooling results. In order to increase the processing speed and to reduce the data-transfer
rate between FPGA and DDR memory, NVDLA uses a ping-pong buffer mechanism to
improve system efficiency. The use of two register banks can reduce the reprogramming
delay. In this method, the second group of buffers were programmed at the same time
when the first group of buffers is processing the convolution calculation.

4.5. Quantization

To maximize the computation capability of NVDLA, fixed-point operations are pre-
ferred. In this study, we choose the eight-bit integer quantization for NVDLA hardware
implementation. Firstly, from a storage perspective, the memory space for eight-bit weights
is only half of that for 16-bit quantization. Secondly, from a hardware-resources perspective,
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each DSP slice inside the FPGA can perform two eight-bit multiplications concurrently but
can only perform one 16-bit multiplication. This results in faster computations.

5. Results and Discussion

The target hardware platform was a Zynq UltraScale+ MPSoC ZCU104 development
board. The PetaLinux operating system was running on the ARM core. The test setup
is shown in Figure 8, where the ZCU104 board and LiDAR were connected through the
Ethernet port via a UDP protocol. After being processed by the Velodyne LiDAR driver,
users can send Python commands to the ARM processor within the FPGA chip (PS side),
which receives point-cloud data from LiDAR and stores them in the DDR memory after
pre-processing. During execution, the CNN accelerator reads point-cloud data from the
DDR or stores the intermediate data to DDR using DMA via a high-performance (HP) port
according to the on-chip AXI bus protocol.

DDR memory

£ %

Arm| [P Iﬂ%‘? DMA \vpLa
_' ETH | ¢ Accelerator
= Processing System Programmable Logic

Figure 8. Overall system setup with LiDAR connected to the FPGA board directly.

When running at 250 MHz, this CNN accelerator can process one frame of a point
cloud within 17.76 ms. As mentioned earlier, there are few existing FPGA implementations
of 3D point-cloud segmentation using CNN in the literature. Performance and efficiency
comparisons with similar works on FPGAs are not yet available.

The hardware resource consumption is summarized in Table 3. The bottleneck of this
design is DSP resources, since 95.78% of those are already in use. Increasing the parallelism
would require more DSP slices, and a larger FPGA would be necessary. Furthermore, due
to the large feature map size, 100% on-chip memory, including both BRAM and URAM,
were utilized to buffer as many feature maps or parameters as possible.

Table 3. FPGA Resource utilization for the CNN accelerator.

FPGA Resource Used Available Utilization
LUT 202,679 230,400 87.97%
FF 227,220 460,800 49.31%
DSP 1655 1728 95.78%
BRAM 83 312 26.60%
URAM 96 96 100%

The FPGA performance on the Semantic-KITTI dataset is shown in Table 4. After
replacing all the large kernel convolutions with uniform kernel size and quantization using
INTS fixed-point weights, the mIoU of network on FPGA was 46.4%, which is slightly less
than the floating-point computations on the GPU. The estimated power consumption of
the FPGA implementation is shown in Table 5. For comparison purposes, the GPU power
was estimated at 115 Watts. Considering the FPGA processing time was 2.17 times faster
than the GPU, our FPGA implementation was 46 times better than the GPU in terms of
power efficiency.
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Table 4. Run-time Performance of the Proposed Approach on Semantic-KITT Dataset.

Device Precision mloU Processing Time
GPU Float32 47.9% 38.50 ms
FPGA Int8 46.4% 17.76 ms

Table 5. Power Consumption of the FPGA Design.

Power Power Consumed
Dynamic 4719 W
Static 0.716 W
Total 5435 W

6. Conclusions

In this study, we proposed a lightweight CNN for the task of LiDAR point-cloud
semantic segmentation. For a feature map size of 64 x 2048, this network achieved a 47.9%
mloU score on the Semantic-KITTI dataset with a processing time of 38.5 ms on the RTX
3090Ti GPU. When comparing to state-of-the-art networks, the network achieved similar
error performance but only used 13% of the parameters. Furthermore, the proposed net-
work was successfully targeted on an MPSoC FPGA platform using an NVDLA hardware
architecture, which speeds up the processing time by a factor of 2.17 compared to its GPU
implementation.
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