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Abstract: In this paper, we present auto-annotation tool and synthetic dataset using 3D CAD model
for deep learning based object detection. To be used as training data for deep learning methods, class,
segmentation, bounding-box, contour, and pose annotations of the object are needed. We propose an
automated annotation tool and synthetic image generation. Our resulting synthetic dataset reflects
occlusion between objects and applicable for both underwater and in-air environments. To verify our
synthetic dataset, we use MASK R-CNN as a state-of-the-art method among object detection model
using deep learning. For experiment, we make the experimental environment reflecting the actual
underwater environment. We show that object detection model trained via our dataset show
significantly accurate results and robustness for the underwater environment. Lastly, we verify that our
synthetic dataset is suitable for deep learning model for the underwater environments.
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3. Auto Annotation tool
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[Fig. 1] Selected 3D CAD model. we select various 3D CAD
model to make synthetic image dataset. This figure includes part
of selected model.
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.. CAM

CAM [0, 0, 0]

@ (b)
[Fig. 2] (a) The camera is placed in the spherical coordinate
system around the object and objects are placed at the origin. (b)
The camera is located in the origin of Cartesian coordinate and
objects are placed in the z-axis direction of the camera.
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[Fig. 3] If there are three objects, this is the process of obtaining
the annotation of object with the smallest Z. The first row is the
process in which the object is occluded due to occlusion during
the projection process. Second row is the result of extracting
bounding-box and segmentation annotation of the object.
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[Algorithm 1] Extraction of the multiple object annotation

Data : N sets of 3D CAD model and sampled object pose
Result : bounding box, contour, and segmentation of multiple object

1 Sort objects in order to Z;

2 Pose the camera at the origin;

3 Pose the object to fit the sampled pose;

6 Fori=1toNdo

7  Forj=1toNdo

8 Ifiisj

9 Set the color of object[j] to black;
10 Else

11 Set the color of object[j] to white;
12 End

13 Project object to the image][j] plane;
14 Convert projected image(I) to gray scale(/,);
15 Forall pixel of gray scale(/,) do

16 If I, (x, y) is not 255

17 Segmentation = I, (X, y);

18  Gaussian blur(Z,) to gray scale(Z,);

19 Detect edge(l,) of gaussian blur(/y);

20 Contour=1,;

21 BB left = min(x coordinates of 1.);

22 BB_right = max(x coordinates of 1,);
23 BB_right = max(x coordinates of 1,);
24 BB _top = max(y coordinates of 1,);
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Annotation.json

Image 1 : image1.png L Image N : imageN.png

Object ID: 0

Object ID : N-1 N
.

CAD FILE ID : class of CAD model |

| Bounding-box | m

L

Segmentation

all of x coordinate of segmentation

all of y coordinate of segmentation

all of x coordinate of contour

all of x coordinate of contour

[Fig. 4] Hierarchy of the annotation file : Initially, we divided by each image. Next, an object hierarchy is created based on the number
of objects in the image. The object hierarchy contains the annotation information of the object. Object annotation contains information

about the CAD model class, bounding box, pose, and segmentation.
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Rendered Image

Overlay Background
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LI

B.\. el Bm

Cropped Image

Overlay Background

[Fig. 5] The process of synthesizing images : synthetic images with
object mask and object class annotations are utilized for the training set
of the object detection. For the pose estimation, synthetic images are
cropped using truncation annotation. Then, the cropped images and
pose annotations were used for the training set of the pose estimation.
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4.5 Translating synthetic image to haze image
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1]}, A Global Ambient Light, 3+ Attenuation Coefficient

[Fig. 6] The example of the underwater environment. The first
row shows underwater background images captured in UWSim.
The second row is the result of synthesizing images.

Haze Image

Synthetic Image |

=W

[Fig. 7] The result of translating synthetic image to haze image.
The left column shows two synthetic images. The right column
presents two haze images translated from synthetic images.
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5.1.1 Experiment Setting
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5.1.2 Result of Object Detection
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[Fig. 8] Experiment setup. a camera a.nd four objects are
prepared in-air (left), and then placed in-water (right)
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[Fig. 9] Object detection results. The results of the four objects and the all four object are shown. The first two columns are the source
image and the detection results in the normal situation. The third and fourth columns are the detection results in the over-exposure
situation. In the results column, the class name and detection score are represented, and the colored region represents detection mask.

The bounding box of object is depicted by dash line.
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Truth Mask®} <lS% Mask®] F*]+= H|&(Mask Overlay)<
Segmentation®] A SH=E 543 Hlol] ARE-H STk

[Table 1114 & = Ql5%0], & Al A A|¢tsh= HolE
Ao 2 Ego]dH Object Detectori=mAP2} Mask Overlay 7}
FISH 22 Al9]shd 0.85 HE w2 4 es /e A
& % Itk Fish 3D 2 5& th2 Rl o} A4 U H Yk &
o] glof nlE Tk gRlg 4= 9laL, FAdolm]A| e

FISH 22| Hedo] €t} ([Fig9]e] A). o# 3k o] fr=,

[Table 1] Summary of object detection with evaluation metrics.

Object Chess Duck | Rabbit | Fish | All
mAP 0.86 0.82 0.88 0.64 | 081
Mask Overlay 0.87 0.89 0.83 0.71 | 0.82

MASK R-CNN-& Edl|o|'d 2H4 ol A FISH Z5e] Hl5 F-+
of| A Low-Level Keypoint& F= 3t 18|, 75 = 7
2= FISH B2e] vl F-i7)h 22 tH Y-S 243 uiA|
S9H} ([Fig. 10]9] B). 282 9.5, FISH 229 me] ek}
& High-Level KeypointE-& &3l FISH 225 Q1251 &
31 [Fig. 10]2] CoF 22 25 A7E A7 Ak

[Fig. 9]°114] Source Column- Fol|A] &gk ofm] =] <]
$J3-0] 31, Result Column- Object Detection2] Z3}o]T}, 912

[Fig. 10] Detection problem of the fish model. (A) is the synthetic
image using fish model. (B) shows a printed model photographed
in underwater. (C) is the object detection result of this model. The
object class detected by MASK R-CNN is presented as colored
regions. Detection score is presented by number.



146 =35:5t3) =524 147 423 (2019.6)
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5.2.1 Experiment Setting
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[Fig. 11] Experiment Setup. The curtain is mstalled to block the hght
from the outside. The gravel background is built in the water tank.

—————

Head Light

[Fig. 12] SeaDrone. (A) Sea Drone has four head lights and one
camera. (B) The head lights are turned on to gain visibility.
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H Fhe|ekE o] g-ste] oW A& ZF ekl th([Fig. 12]).
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5.2.2 Result of Object Detection
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gl on|x]o] Lol a1, Result Column- Object Detection2] 2
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[Table 2] Summary of object detection with evaluation metrics.

Occlusion Non-Occlusion

mAP Mask Overlay | mAP | Mask Overlay
Chess | 0.754 0.865 0.913 0.916
Duck 0.750 0.864 0.936 0.942
Rabbit | 0.794 0.876 0.921 0.925
Fish 0.719 0.843 0.865 0.892
All 0.754 0.862 0.908 0.918
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[Fig. 13] Object detection results in the watertank reflecting the actual underwater environment. The class name and detection score are
represented, and the colored region represents detection mask. The bounding box of object is depicted by dash line The object detection
results were displayed in color and detection scores. The result in the case of occlusion between the objects is shown from the third to the

sixth row. The result in the case of clear water is shown in the last two rows.
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5.3 Comparison between Normal and Underwater Dataset
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[Fig. 14] Comparison between normal and underwater dataset.
The first column is the object detection result using the model
trained by the normal dataset. The result of the model trained by
underwater dataset is shown in the second column. Each dataset
is evaluated in the four cases. The result of the object detection is
shown by the object mask and bounding box.
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