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Abstract
This work describes a deep learning-based autonomous landing zone identification module for a vertical takeoff and landing

vehicle. The proposed module is developed using LiDAR point cloud data and can be integrated into a visual LiDAR odometry
and mapping pipeline implemented in the vehicle. “ConvPoint,” the top-performing neural network architecture in an online
point cloud segmentation benchmark leaderboard at the time of writing, was chosen as the reference architecture. Semantic
labeling of the datasets was done using the terrain geometry characteristics and manual adjustment of labels through visual
observation. Point clouds captured by the Memorial University and online point cloud datasets were used to transfer-learn the
neural network model and to evaluate the accuracy-runtime trade-off for the proposed pipeline. The selected neural network
model generated accuracy values of 89.7% and 92.1% on two selected datasets, while it computed 3940.15 points per second
and 3633.85 points per second to predict landing zone labels, respectively. Hyperparameter tuning was carried out to obtain
a higher throughput with an update rate of 1 Hz for the landing zone map of the point cloud inputs from the visual LiDAR
odometry and mapping pipeline. The proposed system is validated by evaluating its performance on three variations of point
clouds. The results validate the accuracy-runtime trade-off of the proposed system and show that further optimization can
improve performance.

Key words: vertical take-off and landing vehicles, landing zone detection, LiDAR, deep learning, neural networks, VLOAM

1. Introduction
Unmanned aerial vehicles (UAVs) have become popular in

several application domains, especially multi-rotor vertical
take-off and landing (VTOL) vehicles with the capability to op-
erate in constrained and unstructured environments. VTOL
autonomous capabilities are incredibly useful in hazardous
and hard-to-reach environments (Scherer et al. 2012), where
the technology has the capability of enhancing the partial
and full authority cases with informative pilot displays for
safe and accurate operation. During critical operations, UAVs
should be able to land safely without compromising the
safety of the personnel involved and the surrounding infras-
tructure. Although the existing commercial drones have the
functionality to take off and land without the operator’s com-
mand, choosing a terrain to land is primarily a decision made
by the operator (Scherer et al. 2012). Equipping these vehi-
cles with the capability to identify safe landing zones (LZs)
will enable VTOLs to operate autonomously in unknown en-
vironments, ensuring the overall safety of the autonomous
navigation system, as well as reducing the pilot’s workload.

Autonomous identification of safe LZs by a VTOL is a chal-
lenging task. Over the years, researchers have tried to intro-
duce different approaches to tackle this challenge using var-
ious sensor data. It is necessary to understand that a safe LZ
should be a low gradient, obstacle-free, open support sur-

face with sufficient area to land the VTOL vehicles (Scherer
et al. 2012). Classical approaches use mathematical modeling
and traditional algorithms without machine learning to eval-
uate the LZs based on the slope, roughness, and ground fea-
tures extracted from LiDAR and image data. In Desaraju et al.
(2015), Warren et al. (2015), Kaljahi et al. (2019), and Lusk et
al. (2019), authors use conventional image processing meth-
ods to detect potential LZs using the image data captured by
onboard cameras. In Scherer et al. (2012), Garg et al. (2015),
Lorenzo et al. (2016), and Yan et al. (2020), the authors use ge-
ometric computation on LiDAR data to detect and label the
safe LZs. Even though these methods generated reasonable
results on their chosen test data, due to the rule-based nature
of the algorithms, they lack the ability to learn and adapt to
new data that become available for LZ detection purposes.

Neural network-based LZ detection is a recent development
in the domain, which offers several advantages over classical
methods. Neural networks (NNs) can learn complex patterns
related to LZ identification using labeled training data pro-
vided that there is sufficient quantity and diversity in train-
ing data representative of operational conditions. Addition-
ally, NN-based methods have the ability to incorporate sev-
eral different sources of data, such as LiDAR and images, to
extract other critical information needed for LZ evaluation.
Furthermore, NN architectures allow fast execution through
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the use of graphics processing unit (GPU) acceleration using
new machine learning libraries such as TensorFlow and Py-
Torch. Authors of Lee et al. (2020), Polvara et al. (2019), and
Lee and Kwon (2020) developed computer vision-based convo-
lutional neural network (CNN) algorithms for image segmen-
tation, object detection, and tracking to detect possible safe
LZs. Although CNN-based object detection and classification
is a well-established area, vision data do not have the reliable
depth information required to detect LZs accurately. Also, the
inability to register data in poor lighting conditions, irregu-
lar sensor sensitivity, and limited field-of-view (FOV) make it
difficult for the metric reconstruction of the environment us-
ing vision algorithms alone. Work in Maturana and Scherer
(2015a) uses globally registered LiDAR point clouds with a pre-
defined region of interest for landing sites to determine the
probability of the safety prediction for each LZs. In their ap-
proach, a volumetric density map of the region of interest is
fed into the CNN model to predict the safety of sub-volumes
of the map. Authors of Maturana and Scherer (2015b) sug-
gested a 3 D CNN architecture called “Voxnet” based on vol-
umetric occupancy grid representation of point clouds. The
3 D convolution layers in their work are applied to voxel
grids. They have implemented the Voxnet for various config-
urations, and the slowest configuration has taken 6 ms for
classification by using a Tesla K40 GPU. However, voxeliza-
tion of point clouds increases computational overhead, and
the fine details of the original data can be lost in the process
(Ye et al. 2018). Both Maturana and Scherer (2015a, 2015b)
rely only on LiDAR data, which can also lead to inaccurately
identifying surfaces like frozen lakes, water bodies, and un-
stable ground as LZs. Furthermore, for real-time LZ determi-
nation applications, the methods require compatibility and
optimizations to operate with multi-sensor navigation and
mapping pipelines.

Work in Long et al. (2015) shows how the deep NLs used
for image classification can be adopted for pixel-wise seman-
tic segmentation by utilizing convolutional layers. Seman-
tic segmentation is the process of associating each pixel in
an image or each point in a point cloud with a class label
of choice. Theoretically, convolutional NLs should be able to
process point clouds by extending the methods to a third di-
mension. The exponential increase in the memory require-
ment due to increased dimensionality makes this method
computationally expensive for an onboard computer system
for a VTOL. Different research was carried out to work on
a solution to this memory issue and the problem of hand-
craft features in classical machine learning algorithms. This
paved the way for the introduction of two main architec-
tures of point cloud semantic segmentation, i.e., point-based
and projection-based point cloud semantic segmentation net-
works. The point-based methods directly process 3 D points
for semantic segmentation by utilizing 3 D convolutions,
whereas the projection-based methods use a 2 D projection
of the point cloud as the input and process it similarly to 2 D
image semantic segmentation. The projection-based meth-
ods then map the class labels generated for the projection
to the original point cloud to output the class labels for each
point. Though point-based 3 D semantic segmentation meth-
ods deliver high accuracy and mean Intersection over Union

(mIoU), they have higher computational costs compared to
the projection-based methods.

PointNet (Qi et al. 2017a) and PointNet++ (Qi et al. 2017b)
present the initial work on the point-based approach. Though
these two methods are successful in delivering higher over-
all accuracy, they are too slow in processing large-scale point
clouds. Additionally, the performance of the above two mod-
els in detecting vegetation, buildings, and vehicles does not
meet the safety requirement of our problem in detecting safe
LZs. RandLA-Net (Hu et al. 2021) uses a downsampling method
to remove features at random and then a feature aggrega-
tion module to increase the receptive field for each 3 D point
where geometric details are preserved. KPConv (Thomas et al.
2019) introduces a novel kernel point convolution method to
process point clouds directly without intermediate computa-
tions. Though these RandLA-Net and KPConv methods deliver
a promising performance, their architectures are not devel-
oped for a continuous input of point cloud data. Authors of
Boulch (2020) propose an approach termed “ConvPoint” to
process the unstructured point cloud data using a continuous
convolution formulation. By this continuous convolution for-
mulation, they designed NNs similar to 2 D CNNs to process
the point cloud data as 3 D data. Their results prove the flex-
ibility of this approach for different autonomous navigation
architectures. Moreover, at the time of writing this article,
the ConvPoint model had the highest accuracy and fastest
execution for Semantic3D point cloud segmentation bench-
mark (Hackel et al. 2017a), which involves eight classes and
supports both LiDAR and color data of the point cloud. Ac-
cording to the ConvPoint paper (Boulch 2020), the suggested
model achieved an overall accuracy of 93.8% and an mIoU of
75.0% on the Semantic3D dataset. To address the lower speed
of point-based methods, Wu et al. (2018) introduces a 2 D
projection of a point cloud using spherical transformation
and then applies 2 D semantic segmentation on the projec-
tions and the generated labels are reprojected onto the 3 D
point cloud. Benefiting from these findings, the RangeNet++
(Milioto et al. 2019) model uses a DarkNet backbone to pro-
cess a range-image generated by the projection of a point
cloud. These methods produce a lower accuracy compared to
point-based methods but are significantly faster in process-
ing.

Although improvement in speed is possible with the
projection-based network, the accuracy of these methods
is still questionable, especially for safety-critical decisions
like detecting LZs. Projection-based methods are designed
to run on raw data, and point-based methods are developed
to run on aggregated point cloud data, i.e., generated maps.
However, for low-resolution LiDAR like the VLP-16 sensor,
the projection-based methods also require a method of
point cloud aggregation prior to range image generation
for reasonable results. In safety-critical applications, high
accuracy and precision in identifying safe LZs are more
pertinent than the speed of the detection. This requirement
overrules projection-based networks and demands a runtime
optimization for point-based networks. We propose a novel
LZ detection pipeline using point-based LiDAR semantic seg-
mentation implemented with a visual LiDAR odometry and
mapping (VLOAM) module to investigate accuracy-runtime
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Fig. 1. Overview of the total architecture and the proposed LZ identification module in this paper (highlighted).

trade-offs for real-time applications. For the results of this
paper, we only use image data within VLOAM as means of
improving the navigation and mapping solution. Although
image-based landing zone refinements are compatible with
the pipeline, as discussed in Section 2.1, these image-based
modules are not investigated in the scope of this paper.
However, this paper will only focus on integrating a deep
NN-based LZ detection module to a LiDAR mapping pipeline
and investigating how point cloud aggregation or sub-
mapping can be utilized to deliver an accuracy-runtime
trade-off for online LZ detection. Application of deep NN for
LZ detection has advantages of incremental and adaptive
learning from new data, faster runtime, use of graphical
processing unit for computations that can free the cen-
tral processing unit (CPU) for other tasks, ease in fusing
different NN networks, and code optimization capability
compared to classical methods. To achieve this objective,
we evaluate the top-performing point-based semantic seg-
mentation model in the Semantic3D leaderboard for its
performance on several variations of point cloud data. This
paper presents the point cloud processing module, which
is designed to be compatible with the overall architecture,

and evaluates the capability of the system to provide an
LZ proposal in a mapping pipeline. The results show how the
proposed method can achieve the target accuracy-runtime
trade-off when three variations of aerial LiDAR datasets are
presented. The article also illustrates sample visualizations
of how the NN model achieves the objective of LZ detection
in a VLOAM navigation pipeline of a VTOL aircraft.

2. Method
The use of 3 D convolution demands higher memory con-

sumption, especially when larger point clouds or aggregated
point cloud maps are processed. This inadvertently leads to
higher processing times with high accuracy; hence, the se-
lection should consider the accuracy speed trade-off for the
real-time operational need. A point cloud processing pipeline
is developed to meet the operational demands of VTOL ap-
plications, which is the ultimate objective of our proposed
architecture.

This section will discuss the point cloud processing mod-
ule, datasets, model selection, transfer-learning process, and
performance metrics.
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Fig. 2. Semantic3D datasets.

Fig. 3. Intelligent Systems Lab of the Memorial University of Newfoundland collected datasets.

Table 1. Number of points in the originally captured dataset versus downsampled dataset and the bound-
ing box dimensions of the downsampled set.

Dataset
No.of points in

original set
No.of points in

downsampled seta
Dimensions in metres

(x, y, and z)

Paradise 105 005 239 228 673 200.5, 189.0, and 29.635

Holyrood 37 948 660 450 850 176.875, 296.5, and 128.255

aThe original large point cloud was downsampled using a voxelization method. The objective of this approach is to allow the point clouds
to be processed by the selected models within the given memory constraints.

Fig. 4. Segmentation of Holyrood test set into sub-point clouds. Blue regions are non-landing zones (LZs) and the red regions
are LZs.
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Table 2. Number of points in sub-point clouds.

Sub cloud No. of points Batch sizesa Sampling sizesb

Sub-point cloud 1 9065

8, 16, 32, and 64 3000, 4000, 5000,..., and 9000

Sub-point cloud 2 15793

Sub-point cloud 3 11632

Sub-point cloud 4 9937

Sub-point cloud 5 8978

Sub-point cloud 6 15 965

Sub-point cloud 7 20 436

Sub-point cloud 8 15 365

Sub-point cloud 9 15 319

Sub-point cloud 10 15 187

Sub-point cloud 11 13 600

aThe batch size parameter is changed to evaluate the runtime-accuracy tradeoff for each sub-point cloud.
bThe sampling size is the number of points taken from the sub-point cloud in each batch processing.

Fig. 5. Visual LiDAR odometry and mapping (VLOAM)
pipeline data.

2.1. Point cloud processing module
VLOAM (Zhang and Singh 2015) is an odometry and map-

ping method that combines visual and LiDAR sensor data to
create an accurate and reliable localization and mapping so-
lution with a 6 degree-of-freedom (DoF) ego-motion estima-
tion and a spatial representation of the environment. When
visual sensors are used independently, they face challenges
such as scale uncertainty with monocular cameras, sufficient
lighting requirement, frame-to-frame lighting consistency,
the need for static scenes, etc. The common challenges of Li-
DAR odometry are low data rate, the requirement of LiDAR
pose information, and motion distortion due to scan rates.
VLOAM architecture bridges over the weaknesses of both vi-
sual and LiDAR sensors allowing accurate estimation, map-
ping, and localization. This online odometry and mapping
method simultaneously creates a point cloud map of the en-
vironment, while estimating the motion of the sensor sys-
tem in that environment. In the VLOAM architecture, the vi-
sual odometry component accounts for motion estimation
between two image frames, while the LiDAR odometry is re-
sponsible for transformation estimation and map construc-
tion from the registered scans.

In our proposed architecture, the point cloud semantic
segmentation module is embedded into a VLOAM subsys-
tem as shown in Fig. 1. In the VLOAM subsystem, there
are three main sensor systems, i.e.,camera, inertial measure-

ment unit (IMU), and LiDAR. Feature points tracked from the
camera input and the IMU odometry computed by the IMU
pre-integration are fed into the visual update unit, which
computes the visual–inertial odometry solution. This visual–
inertial odometry, combined with the extracted LiDAR fea-
tures, is then input into the LiDAR odometry update unit to
generate visual inertial LiDAR odometry. This output is then
utilized to create a visual LiDAR mapping combined with the
point cloud generated by the LiDAR unit. The place matches
from the place recognition subsystem will also be used as
an additional input into the visual Lidar mapping to make
it more accurate and robust.

The LZ detection subsystem has a few components that will
make use of the sensor units and the local point cloud map
generated by the visual LiDAR mapping. The image segmen-
tation and object detection modules are additional compo-
nents that will assist in the LZ detection task by using texture-
based features of the images. Both point cloud LZ labels and
image pixel labels will be fused with object tracking to gener-
ate combined labels with bounding boxes for identified zones
and objects.

As shown in Fig. 1, the VLOAM subsystem will generate a
local point cloud map with a desired number of points that
will be then published into the point cloud semantic segmen-
tation module to generate the LZ labels. This paper concen-
trates on the LZ label generation by the point cloud semantic
segmentation module and will detail the experiments on the
module and the corresponding contribution to the whole sys-
tem. The main objective of these experiments is to learn the
best hyperparameter combination that can generate LZ labels
from an NN model at a rate that can compete with the local
point cloud map generation speed. A 1 Hz specified target is
used for this study, which allows to incrementally color the
generated point cloud by the VILOAM subsystem for LZ detec-
tion purposes.

2.2. Datasets
In this section, different compositions of datasets used to

train and evaluate point cloud semantic segmentation will be
discussed.
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Fig. 6. Bell412 helicopter set-up with the payload.

Fig. 7. Flight path of Bell412 (Base Map Source: Google Earth).

Fig. 8. Dataset 1 of visual LiDAR odometry and mapping pipeline data captured by Bell412 model.

2.2.1. Semantic3D dataset

As the online dataset, the Semantic3D benchmark (Hackel
et al. 2017a) was selected. This benchmark has 30 point clouds
captured using a survey LiDAR on the ground, which are al-
ready categorized into eight classes, (1) man-made terrain,
(2) natural terrain, (3) high vegetation, (4) low vegetation, (5)
buildings, (6) hard scape, (7) scanning artifacts, (8) cars, and
an additional label, (0) unlabeled points for data points with-
out ground truth. Each data point consists of x, y, and z coor-
dinates, intensity, and image RGB (red, green, and blue inten-

sity) values. Five datasets, namely Cathedral1, sg27-station1,
sg27-station9, sg28-station5, and Castle1, were selected from
the Semantic3D benchmark, as shown in Fig. 2.

2.2.2. Experimental data 1: Holyrood–Paradise
dataset

This experimental dataset in Fig. 3 was captured by a
Velodyne LiDAR sensor attached to a DJI M600 drone over
two selected areas, Paradise and Holyrood, in Newfoundland,
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Fig. 9. Dataset 6 of visual LiDAR odometry and mapping
pipeline data captured by Bell412.

Canada. The data collected in Paradise, which includes a foot-
ball ground surrounded by vegetation, are defined as the Par-
adise dataset. The data captured in Holyrood, which consists
of a marine base parking lot, are defined as the Holyrood
dataset. Unlike the benchmark dataset classes, we are inter-
ested in two classes, i.e., landable and non-landable, where
non-landable regions can also include flat surfaces like water
bodies, frozen lakes, marshlands, unstable ground, etc. Table
1 shows the number of points in each dataset and the num-
ber of points in the downsampled sets that are used to test the
transfer-learned NN model. The objective of using the down-
sampled set in testing is to experiment with whether the
NN model can perform at a reasonable speed with a VLOAM
pipeline.

2.2.3. Experimental data 2: post-processed
Holyrood dataset

The proposed architecture described in Section 2.1 can gen-
erate a local map with approximately 10 000 points at a time.
To test the runtime-accuracy trade-off of the selected mod-
els, the downsampled Holyrood test set is divided into several
sub-point clouds with varying numbers of points. As shown
in Fig. 4, the full point cloud is segmented into 11 sub-clouds
using CloudCompare software. Table 2 shows the number of
points in each segmented point cloud.

2.2.4. Experimental data 3: Lighthouse dataset

The third set of experimental data contains the pipeline
data, which are the local maps generated by the VLOAM mod-
ule of the proposed system. Figure 5a shows the point cloud
map generated by the VLOAM subsystem, which was imple-
mented on a drone, and Fig. 5b shows one of the images
captured by the monocular camera mounted onto the same

drone. For reference purposes, this dataset will be called the
Lighthouse dataset throughout the manuscript.

2.2.5. Experimental data 4: Bell412 dataset

This fourth experimental dataset was captured using a
custom payload mounted on a Bell412 helicopter-generating
point clouds using a VLOAM architecture. The payload design
is shown in Fig. 6a, and the Bell412 helicopter used for taking
the data is shown in Fig. 6b. For reference, this dataset will be
termed the Bell412 dataset.

Figure 7 illustrates the path of the Bell412 helicopter on
a Google Satellite map based on the GPS data taken by the
payload set-up. Figures 8 and 9 show two sample point cloud
maps generated by the VLOAM pipeline from the point clouds
captured by the custom payload of the Bell412 helicopter. The
colors in these two images of the point clouds are generated
by the CloudCompare software based on intensity values for
visualization.

Table 3 shows the number of points in the two datasets cap-
tured by the Bell412 helicopter and the approximate dimen-
sions of the bounding box of each generated point cloud.

2.3. Labelling
The process flow diagram of the LZ labeling process of the

Semantic3D dataset and the experimental data 1 is shown in
Fig. 10. The method used is from Scherer et al. (2012), which
uses a patch-based processing pipeline using xyz data of a
point cloud. Since the classical method is carried out on struc-
tured point clouds, the point clouds are ordered depending
on the x and y positions of each point. The point cloud is di-
vided into 3 m × 3 m patches, considering the dimensions
of the DJIM600 quadcopter and ±1 m navigation accuracy.
Then, planes are fitted to all patches. LZs are identified as
the patches having the standard deviation of the z-axis less
than 0.5 m and maximum z-deviation less than 6 m. Besides,
the number of points per patch should exceed 15 points to
be considered an LZ, ensuring an average point density of 1
point at every 20 cm × 20 cm region for a 3 m × 3 m patch
(Scherer et al. 2012). A patch is chosen as landable if its slope
is below 5◦.

The algorithm in Fig. 10 could not detect water bodies, and
it wrongly classified water areas as landable zones, as shown
in Fig. 11. This was resolved using a semantic labeling app by
manually selecting water areas and naming the point label as
non-landable.

2.4. Model selection
As described in the introduction section, the initial work of

point-based point cloud semantic segmentation can be found
in (Qi et al. 2017a) and (Qi et al. 2017b). Due to the ineffective-
ness of those two models in terms of runtime-accuracy trade-
off and detecting several object classes, ConvPoint model
(Boulch 2020) was selected based on the Semantic3D (Hackel
et al. 2017) leaderboard and the online, operational require-
ment. In the ConvPoint model, a continuous convolutional
layer was designed by adopting the discrete convolution used
for images. As shown in Fig. 12, the segmentation network
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Table 3. Number of points in the two Bell412 datasets and the dimensions of the
bounding box of the datasets.

Dataset No. of points in the dataset Dimensions in metres (x, y, and z)

Bell412 Dataset 1 15 377 432 1448.21, 398.78, and 113.208

Bell412 Dataset 6 21 230 524 1042.34, 1036.17, and 143.125

Fig. 10. Process flow of the geometric labeling. LZ, landing zone.

Fig. 11. Original Holyrood dataset and the colored landing zones (LZs) generated by geometric labeling. RGB, red, green, and
blue.

Fig. 12. Sample illustration of ConvPoint semantic segmen-
tation model.

has an encoder–decoder structure, where the encoder is a
stack of convolutions that reduces the cardinality of the point
cloud, while the decoder contains a stack of convolutions
with skip connections and a total of 12 convolutional layers.

The last layer is a point-wise linear layer used to generate an
output dimension corresponding to the number of classes.
At training time, the model randomly selects points in the
considered point cloud and extracts all the points in an in-
finite 8 m vertical column centered on this selected point.
During testing, the model computes a 2 D occupancy pixel
map with a “pixel” size of 0.5 m outdoor scenes by projecting
vertically on the horizontal plane. Then, the model consid-
ers each occupied cell as a center for a column (the same size
as for training). For each column, it randomly selects a given
number of points (i.e., sampling size) that are fed as input to
the network. Finally, the output scores are aggregated at the
point level, and points not seen by the network will be given
the label of their nearest neighbor.

2.5. Transfer learning
Transfer learning is a deep learning approach where a

model developed and trained on one task (base data) is reused
as the starting point of a second task (target data). The pre-
trained model weights will be fine-tuned to the new data
to achieve significantly higher performance, and this is only
suitable if the target data are similar to the base data.

For transfer learning the ConvPoint model for LZ identifica-
tion, we modified the source code to output two object classes
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Fig. 13. Transfer-learning graphs.

Fig. 14. Intersection over Union (IoU) calculation visualiza-
tion. Source: Wikipedia.

(i.e., landable and non-landable). In evaluating the ConvPoint
model, we used four transfer-learning modes derived based
on the training sets used and the pretrained weights. For
mode 1, we used the pretrained weights (pretrained on the
Semantic3D dataset) as the initial checkpoint. We obtained
these pretrained weights from the ConvPoint GitHub reposi-
tory, which is available to the public. As the training set of the
transfer learning of ConvPoint, we used the down-sampled
Semantic3D dataset and a part of the Holyrood dataset con-
taining points of the water bodies. The inputs contained 3 D
point data, original RGB data, and landable/non-landable la-
bels. The remaining subset of the Holyrood dataset and the
Paradise dataset were used as the testing data. To analyze
the effect of the use of RGB values, fine-tuning is done with
and without the RGB data input. Figures 13a and 13b illus-
trate the transfer-learning accuracy and loss, respectively, for
method 1, which indicates that having the low-resolution
color data in the point cloud provides only insignificant per-
formance gains. Therefore a separate NN model dealing with
high-resolution color data is preferable to utilize color infor-
mation.

2.6. Performance metrics
To evaluate the performance of different point cloud se-

mantic segmentation models, we use mIoU, accuracy, aver-

age runtime, and throughput as the metrics. This section will
briefly overview each metric.

2.6.1. Intersection over Union

Intersection over Union, commonly abbreviated as IoU, is
another widely used metric in evaluating deep learning mod-
els for semantic segmentation. IoU can be defined as the
area of overlap between the predicted segmentation and the
ground truth divided by the area of union between the pre-
dicted segmentation and the ground truth. Figure 14 shows a
generic visualization of IoU, while eq. 1 is the mathematical
computation of IoU. The mIoU is the calculation of the IoU of
each class and averaging the values.

IoU = |A ∩ B|
|A ∪ B|(1)

2.6.2. Accuracy

Informally, accuracy is the fraction of correct predictions
over the total number of predictions assessed by a model.
Equation 2 is the formal expression of the metric. Though ac-
curacy can give an overview of how a model would perform,
it should not be the only metric to be used when evaluating
the performance of a model. When a model delivers high ac-
curacy, it does not imply that the model has outperformed.
The reason is most data have a class imbalance, where some
object classes can dominate the point cloud while some make
only a smaller portion. This cannot be ignored in a real-world
navigation setting.

Accuracy = Number of correct predictions
Total number of predictions

(2)

2.6.3. Average runtime

The average runtime speed is the average measure of time
taken for the model to compute inference over a set of point
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Fig. 15. Visualization of landing zone (LZ) detection for Paradise dataset——LZs are in yellow color and non-LZs are in red color.

Fig. 16. Visualization of Landing zone (LZ) detection for Holyrood test dataset——LZs are in yellow color and non-LZs are in red
color.

Table 4. Nvidia Jetson AGX developer kit specifications.

Technical specifications

GPU 512-Core Volta GPU with Tensor Cores

CPU 8-Core ARM v8.2 64-Bit CPU, 8 MB L2 + 4 MB L3

Memory 32 GB 256-Bit LPDDR4x | 137 GB/s

GPU, graphics processing unit.

cloud scans. We computed the average runtime speed as
shown in eq. 3

Average runtime =

k∑

n=1

tn

k
(3)

where
k = total number of scans
tn = inference time of nth scan.

2.6.4. Throughput

As our objective is to find the most suitable real-time se-
mantic segmentation model for point clouds, it is essential to
identify how many points can be processed in a given time.
For this, we computed the number of points processed dur-
ing a unit time of seconds, which is known as throughput.

This is computed using eq. 4,

Throughput of nth scan = Total number of points in nth scan
Inference time of nth scan

(4)

and averaged over the total throughput values.

3. Results
This section provides the main results of the point-based

network evaluated on three variations of the datasets cap-
tured using the DJI M600. First, the results of the experimen-
tal data are presented, then the results of the post-processed
experimental data will be presented, and finally, the results
of newly acquired payload data will be described.

Nvidia Jetson AGX Xavier (Jetson AGX) developer kit was
used to perform a comparative performance evaluation in
the accuracy-runtime trade-off of the ConvPoint model for
LZ detection for the different forms of the datasets. The
Nvidia Jetson AGX is developed especially for autonomous
machines, where it accelerates compute density and energy
efficiency. Artificial Intelligence (AI) inference capabilities
in intelligent machines like robots, factory systems, and
UAVs can make use of this computing hardware given the
105 mm × 105 mm × 65 mm form factor, 630 g weight, and
max 35 W power consumption. The main hardware specifi-
cations of Jetson AGX are listed in Table 4.
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Table 5. Performance of ConvPoint model on the experimental datasets.

Dataset

Google Colaba Jetson AGX Xavierb

Inference
time (s)

Accuracy
(%)

Throughput
(pts/s)

Inference time (s) throughput (pts/s)

Accuracy (%)15 W MAXN 15 W MAXN

Paradise 57.83 89.72 3940.15 31.25 18.92 7291.11 12044.84 89.60

Holyrood 41.63 92.13 3633.85 29.16 14.78 5187.30 10238.37 91.68

aGoogle Colaboratory space equipped with Tesla T4 GPU
bThe Jetson AGX module has several power modes in which it can be operated. These power modes differentiate the use of GPU resources. While 15W is the default
power mode, MAXN mode utilizes all the available resources. GPU, graphics processing unit.

Fig. 17. Visualization of landing zone (LZ) detection for post-processed Holyrood merged point cloud——LZs are in yellow color
and non-LZs are in red color.

3.1 Results: Experimental datasets
Figs. 15 and 16, and Table 5 report the quantitative and

qualitative performance of the ConvPoint model for LZ de-
tection on the original down-sampled experimental datasets.
It is shown that ConvPoint fine-tuned model delivered com-
parable performance, especially in identifying the water re-
gions, i.e., the Holyrood dataset. The fine-tuned ConvPoint
model is evaluated on the Jetson AGX for prediction accu-
racy and inference time when two power modes are avail-
able. As summarized in Table 5, by using the maximum
power mode, it has taken lesser inference time and gener-
ated higher throughput. However, the inference time of the

ConvPoint model is comparatively long though it has scored
a higher accuracy, which is a reasonable drawback for real-
time point cloud semantic segmentation.

3.2. Results: post-processed experimental
dataset

This section will illustrate the performance of the Conv-
Point model on the sectioned experimental dataset described
in Section 2.2.3 in the methods of qualitative, quantitative,
and graphical evaluations.
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Table 6. Performance of ConvPoint model on the post-processed experimental dataset for the sampling sizes
3000, 6000, and 9000.

Inference times (s) Throughput (pts/s) Accuracy

Sub-point cloud 3000 6000 9000 3000 6000 9000 3000 6000 9000

Sub-cloud 1 1.09 1.87 3.01 8318.40 4859.32 3016.23 22.23% 94.42% 88.94%

Sub-cloud 2 1.10 1.66 2.21 14 392.31 9532.94 7135.31 52.88% 95.85% 92.13%

Sub-cloud 3 0.87 1.33 1.80 13 294.26 8767.27 6453.84 44.46% 94.11% 97.98%

Sub-cloud 4 0.83 1.31 1.78 12 034.65 7585.73 5581.70 8.98% 72.12% 91.94%

Sub-cloud 5 0.72 1.09 1.46 12 513.06 8223.87 6167.99 0.70% 69.57% 99.99%

Sub-cloud 6 0.88 1.34 1.87 18 104.54 11 908.23 8540.46 88.99% 89.68% 89.00%

Sub-cloud 7 1.08 1.60 2.43 18 892.94 12 759.38 8394.01 93.02% 92.10% 91.91%

Sub-cloud 8 1.12 1.87 2.83 13 761.73 8228.74 5420.82 88.21% 87.95% 83.79%

Sub-cloud 9 0.87 1.34 1.83 17 641.84 11 390.12 8392.60 94.24% 93.67% 86.62%

Sub-cloud 10 0.92 1.42 2.02 16 581.09 10 704.60 7533.99 92.20% 94.85% 93.30%

Sub-cloud 11 0.89 1.48 2.09 15 323.76 9210.53 6506.59 70.65% 93.40% 95.18%

Fig. 18. Inference time verus batch size and sampling size for each partitioned dataset.

3.2.1. Qualitative evaluation

Figure 17 visualizes the LZs predictions computed by the
ConvPoint model on the sectioned experimental dataset
for different sampling sizes and a defined batch size of
24. In the visualization, the predictions on each sub-point
cloud are displayed in a merged point cloud to demon-
strate the qualitative accuracy of the output. Figure 17a is
the original Holyrood test set with the actual color values,
while Fig. 17b contains the color-coded LZs for the origi-
nal dataset. Figures 17c–i show how the predictions change

when the sampling size changes with a given batch size,
i.e., 24.

3.2.2. Quantitative evaluation

Table 6 tabulates the quantitative performance of the Con-
vPoint model for the partitioned Holyrood test set for three
different sampling sizes (i.e., 3000, 6000, and 9000) with a
fixed batch size of 24 on Jetson AGX Xavier when Max power
mode was set.
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Fig. 19. Throughput versus batch size and sampling size for each partitioned dataset.

Fig. 20. Accuracy versus batch size and sampling size for each partitioned dataset.
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Fig. 21. Accuracy versus batch size and sampling size for each partitioned set containing water bodies.

Fig. 22. Process flow of the labeling of pipeline data. LZ, landing zone.

3.2.3. Graphical evaluation

Figures 18–21 illustrate how the ConvPoint model per-
formed when different combinations of batch sizes and sam-
pling sizes are defined. Figure 21 shows how the accuracy
would fluctuate for different batch sizes and sampling sizes
on the partitioned sets containing water bodies.

Illustrations in sections 3.2.1–3.2.3 present how the per-
formance of the ConvPoint model on the partitioned Holy-

rood test set would transform when different hyperparame-
ters (i.e., batch size, sampling size) are selected. From Figs. 19
and 20, it can be perceived that a lower sampling size can
generate high throughput. Although lower sampling sizes
have trouble with water bodies detection, it is not the con-
cern of our task as it will be handled by the image segmenta-
tion module. Therefore, a comparatively lower sampling size
with a higher batch size and an inference time of 1 Hz is a
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Fig. 23. Dataset 1 of visual LiDAR odometry and mapping pipeline data captured by Bell412.

Fig. 24. Dataset 6 of visual LiDAR odometry and mapping
pipeline data captured by Bell412.

suitable hyperparameter setting to gain a better trade-off for
the VLOAM pipeline data rate.

4. Implementing the LZ detection
module in the proposed pipeline

This section will explore the use of point cloud data pre-
sented in Section 2.2.5 captured using the VLOAM pipeline
described in Section 2.1.

4.1. Labeling pipeline data
Since no ground truth labels are available for the pipeline

data in Section 2.2.5, it is necessary to label the data for land-
able and non-landable zones. The labeling process in Fig. 10
cannot be used for the pipeline data as it works on generated
maps and is written in Python, which can take a long time
to generate labels. Therefore, an efficient VLOAM-compatible
algorithm was designed using C++ programming, with the
capability to integrate into the VLOAM subsystem. The flow
diagram in Fig. 22 shows the algorithm developed to achieve
this objective. This method can render the LZ labels for each

point cloud, while generating the point cloud map and color-
ing the map accordingly.

Figures 23 and 24 illustrate the LZs generated by the algo-
rithm in Fig. 22 for two datasets captured by the payload on
a Bell412 helicopter.

4.2. Class balancing method
As seen in Figs. 23 and 24, the ground truth labels of

VLOAM data do not have a uniform class balance between LZs
and non-LZs. To address this problem, we used class balanc-
ing to generate trainable data from the VLOAM data. First, we
generated 100 × 100 × z blocks from the Bell412 data using
CloudCompare software. Then we exported the blocks with
both landable and non-landable zones and had more than 10
data points. We programmed a Python script to check each
exported block for a class balance between 60% and 40% and
export the blocks within that range as the final training set.

4.3. Transfer-learning methods
Table 7 shows the training sets and the pretrained weights

used in four transfer-learning modes. The first transfer-
learning mode, Mode 1, is similar to that discussed in Section
2.5. For modes 2, 3, and 4, we included the class-balanced
Bell412 data segments to evaluate the use of VLOAM data for
LZ determination. We used different combinations of train-
ing data to derive the best transfer-learning approach for
VLOAM data that can produce higher accuracy and general-
ization.

4.4. Experimental results
This section presents the predictions generated by each

transfer-learning method on test datasets. Figures 25–28
show how the trained ConvPoint model from each transfer-
learning mode has predicted the LZs on different test sets.
We evaluated different types of test point clouds captured us-
ing different architectures for LZ predictions in each mode to
assess the generalization of the training approach.

As illustrated in Fig. 27, LZ predictions produced by mode 4
on the Paradise dataset have a significant difference with the
ground truth labels compared to other modes. Therefore, we
dismiss mode 4 as a candidate for transfer learning on VLOAM
data. As illustrated in Figs. 25–28, the LZ predictions output
by modes 2 and 3 are nearly similar, with marginal improve-
ment in the predictions of mode 3 visible in the predictions
on the Holyrood dataset.

The results of the Bell412 datasets (Figs. 25 and 26) demon-
strate the ability of the proposed point-based LZ evaluation

D
ro

ne
 S

ys
t. 

A
pp

l. 
D

ow
nl

oa
de

d 
fr

om
 c

dn
sc

ie
nc

ep
ub

.c
om

 b
y 

N
at

io
na

l R
es

ea
rc

h 
C

ou
nc

il 
of

 C
an

ad
a 

on
 0

9/
06

/2
4



Canadian Science Publishing

16 Drone Syst. Appl. 12: 1–19 (2024) | dx.doi.org/10.1139/dsa-2022-0038

Table 7. Transfer-learning modes based on the training set and pretrained weights.

Transfer learning Mode Training set Pretrained weights

Mode 1 Semantic3D LZs + Holyrood LZs Original Semantic3D

Mode 2 Class balanced Bell412 data segments Original Semantic3D

Mode 3 Class balanced Bell412 data segments Original LZ trained (Section 2.5)

Mode 4 Class balanced Bell412 data segments + Semantic3D LZs + Holyrood LZs Original Semantic3D

Note: LZ, landing zone.

Fig. 25. Predictions on Bell412-1 by each transfer-learning mode.

module to operate within a VLOAM navigation pipeline to
generate maps at a target update rate (≈1 Hz). It should
be noted that modes 2 and 3 did not deliver good predic-
tions for the water body portion of the Holyrood test set as
in Fig. 28. We can address this issue by fusing image seg-
mentation and object detection labels with the LZ labels in-
troduced in Section 1. The addition of the image modules
will be investigated as part of future developments of this
work.

5. Conclusion
This paper proposed a novel point-based NN LZ detec-

tion architecture that can operate with a VLOAM navigation
pipeline and investigates the accuracy-runtime trade-offs of
the method for real-time applications. Based on the Seman-
tic3D benchmark leaderboard, ConvPoint architecture was
selected as the target model for the task. The work investi-
gated different combinations of hyperparameters, i.e., batch
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Fig. 26. Predictions on Bell412-6 by each transfer-learning mode.

Fig. 27. Predictions on Paradise dataset by each transfer-learning mode.
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Fig. 28. Predictions on the Holyrood test set by each transfer-learning mode.

size and sampling size, in terms of the performance metrics,
i.e., inference time, throughput, and accuracy. Validation of
the method was performed using custom datasets captured
on a DJI M600 drone and a Bell412 aircraft to generate the
LZ module’s maps at a target update rate (≈1 Hz), while op-
erating within a VLOAM navigation pipeline. Accurate de-
tection of water bodies, marshlands, and low vegetation as
non-landable is crucial for VTOL operations. From the results
described in this paper, it is evident that to get a compara-
tively accurate detection of water areas in the given dataset,
a larger sampling size should be set, which also can lead to
lower throughput (higher inference time). This bottleneck
can be resolved by fusing the semantic labels generated by
the point cloud segmentation with the pixel labels generated
by the color image semantic segmentation of the same re-
gion and by using a broader range of datasets to train the
NN model. The fusion of the point cloud labels, pixel labels,
and object tracks to deliver combined labels with bounding
boxes is the next step of the proposed architecture. Addi-
tional transfer learning on more data is also required to de-
tect the full region of LZs like helipads and will be achieved
in the next steps of this task. Additionally, future work will
include TensorRT optimizations, further simplification of the
NN model, and C++ programming optimization on GPU uti-
lization to achieve improved update rates of the LZ detection
module.
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