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Abstract: Construction monitoring is one of the key modules in smart construction. Unlike structured
urban environment, construction site mapping is challenging due to the characteristics of an unstructured
environment. For example, irregular feature points and matching prohibit creating a map for management.
To tackle this issue, we propose a system for data acquisition in unstructured environment and a
framework for Intensity and Ambient Enhanced Lidar Inertial Odometry via Smoothing and Mapping,
IA-LIO-SAM, that achieves highly accurate robot trajectories and mapping. IA-LIO-SAM utilizes a
factor graph same as Tightly-coupled Lidar Inertial Odometry via Smoothing and Mapping (LIO-SAM).
Enhancing the existing LIO-SAM, TA-LIO-SAM leverages point’s intensity and ambient value to
remove unnecessary feature points. These additional values also perform as a new factor of the K-Nearest
Neighbor algorithm (KNN), allowing accurate comparisons between stored points and scanned points.
The performance was verified in three different environments and compared with LIO-SAM.
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[Fig. 1] Husky Unmanned Ground Vehicle. Using Robot
Operating System (ROS), it can move at a speed up to 1 m/s and
climb a hill with an angular degree of 45°
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[Table 1] Sensor used in the sensor system
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Antenna Antenna

Receiver(FLYSKY)

Receiver(NovAtel)

Unit: [cm]

(a) Side view of hardware

Antenna

Receiver(FLYSKY)

Receiver(NovAtel)

Unit: [em]

(b) Top view of hardware

[Fig. 2] Hardware sensor configuration. (a) side view, (b) top
view of entire sensor system with coordinate information. The
coordinate system of each sensor is marked with red (x), green
(y), and blue (z), and the distance of each sensor is also displayed.
A unit in the images is centimeters
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Type Manufacture Model Description N | Frequency (Hz) Specification
3D LiDAR OUSTER OS1-128 128 CH LiDAR (45° FOV) 1 10 120 m (range)
IMU LORD 3DM-GX5-45 Consumer-level AHRS 1 1000 +2° degree for dynamic
Antenna NovAtel GNSS-501 Dual antenna 2 - Multi signal received
Recsiver NovAtel SPAN CPT7 GNSS+INS receiver 1 20 (INS : 200) lem (RTK Accuracy)
FLYSKY FS-IA6B Joystick Receiver 1 - 600 m (range)
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(a) Example photons graph received over time

(b) Images according to each value

[Fig. 3] (a) Example for channels of OS1-128. Based on the
amount of photons received, the intensity, ambient, and range
are determined. (b) Image created based on the values of points.
From above, the range, intensity, and ambient images are shown
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[Fig. 4] Diagram of proposed method. The black box is
proposed by LIO-SAM, and the red box is newly included.
Ambient was used to set thresholds and for K-Nearest Neighbor
(K-NN) algorithm with intensity
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[Fig. 5] Pointcloud scanned from IA-LIO-SAM. It was scanned
in the forest and set to A=750. When the ambient of the point is
greater than A, it is displayed in green, and when it is smaller than
A, it is displayed in brown. The unnecessary spots disappear and
most of the trees remain
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[Fig. 6] The feature points located at A4, form a line or plane,
and calculate the distance from the feature points at £, ().
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[Table 2] Dataset translation error (meters)
Structured Environment Unstructured Environment
Data Algorithm | Mean | Median | Min Max Data Algorithm Mean | Median Min Max
Seq 1 IA-LIO 0.234 | 0.235 | 0.232 | 0.237 Seq 4 IA-LIO 1.585 1.586 1.496 1.628
(301 m) LIO 0.237 | 0.238 | 0235 | 0239 | (247m) LIO 1.591 1.596 1.565 1.613
Seq 2 IA-LIO 0459 | 0463 | 0434 | 0473 Seq 5 IA-LIO 0.695 0.699 0.644 0.758
(408 m) LIO 0.444 | 0.448 | 0.427 | 0457 | (114m) LIO 0.791 0.764 0.741 0.915
Seq3 IA-LIO 0.160 | 0.157 | 0.156 | 0.175 | Seq6 IA-LIO 1.337 1.323 1.249 1.545
(137 m) LIO 0.155 | 0.155 | 0.153 | 0.157 | (137m) LIO 1.412 1.405 1.371 1.482
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[Fig. 7] Result of dataset. (a) shows x-y trajectories of IA-LIO-SAM (blue), LIO-SAM (green), groundtruth (pink). Image below is the
x-z trajectories. The real world image is shown in (b). Left image is top view of Seq 1 (red), Seq 2 (white), Seq 3 (blue). The top view of
Seq 4 (blue region) and Seq 5,6 (red region).are in the middle image. In the right image, above is front view of Seq 4, and below is view
of Seq 6 (also Seq 5). The result is shown in (c) through the box plot of RMSE
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(a) Data Environment

(b) Map from IA-LIO-SAM

[Fig. 8] Construction site data. (a) shows the actual environment
of the construction site. Not only the UGV being scanned, but
also a running excavator are visible. (b) is a part of point cloud
from IA-LIO-SAM. The color of points was expressed according
to the ambient value

[Table 3] Construction site translation error (meters)

Data Algorithm | Mean | Median | Min Max

Seq 7 IA-LIO 0.427 0.428 0.414 0.441

(635 m) LIO 0.439 | 0440 | 0429 | 0.450
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(a) Data Environment

(b) Map from LIO-SAM and IA-LIO-SAM

(c) IA-LIO-SAM map aligned with Kakao map

[Fig. 9] Sejong tunnel data. It was acquired by installing OS1-64
in a car. (a) is a Kakao map load view of the data acquisition
location. (b) is a part of point cloud from LIO-SAM (blue) and
IA-LIO-SAM (red). (c) shows a comparison with the real world
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