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[Abstract]

Conventional Convolutional Neural Network(CNN) algorithms have limitations in detecting small
objects in large image. In this paper, we propose an improved model which is based on Region Of
Interest(ROI) selection and image dividing technique. We prepared YOLOvV3 / Faster R-CNN algorithms
which are transfer-learned by airfield and aircraft datasets. Also we prepared large images for testing.
In order to verify our model, we selected airfield area from large image as ROI first and divided it in
two power n orders. Then we compared the aircraft detection rates by number of divisions. We could
get the best size of divided image pieces for efficient small object detection derived from the
comparison of aircraft detection rates. As a result, we could verify that the improved CNN algorithm

can detect small object in large images.
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I. Introduction
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II. Preliminaries

2.1 Basic Structure of CNN Algorithm
CNN(Convolutional Neural Network)2 o]0]X] &2]
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Fig. 1. Basic Structure of CNN [5]
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2.2 Data Augmentation and Transfer Learning
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III. Problem Definition
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IV. The Proposed Scheme

4.1 ROI Detection and Large Image Division
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Fig. 3. Region of Interest(ROI) Detection
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Fig. 4. Flowchart of Large Image Division

4.2 Adding New Layers to CNN Algorithm
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Fig. 5. Adding New Layers to CNN Algorithm
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Fig. 6. Deduplication of Boundng Boxes in Combine Layer
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V. Experiments

5.1 CNN Algorithm Training
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Table 1. System Environment
Item Value
CPU RYZEN R7-2700U 2.2GHz
Memory Size 12GB
Tensorflow ver. 1.13. 1
Keras ver. 2. 1. 2.
GPU Acceleration None
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Fig. 7. Samples of Airfield Dataset for ROl Training
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Fig. 8. Samples of Aircraft Dataset for Object Training
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Table 2. Training on YOLOv3 Algorithm (Airfield)

. Original Augmented

STl Dataset Dataset Vei]

Epochs 28 23 51

Elapsed 36h 44m 26h 42m 63h 26m

Time

Images 300 300 600
Pretrained Microsoft COCO

Dataset

Table 3. Training on YOLOv3 Algorithm (Aircraft)

. Original Augmented

STl Dataset Dataset Vei]
Epochs 27 26 53
Elapsed 29h 11m 28h 20m 57h 31m

Time

Images 300 300 600
Pretrained Microsoft COCO

Dataset

stH Faster R-CNN ¢12]52 F shs 204K
YOLOv3®} H]&3t 202 £45H] 95
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Table 4. Training on Faster R-CNN Algorithm (Airfield)

. Original Augmented
Sl Dataset Dataset Veiz]
Epochs 10 10 20
Elapsed 32h 30m 36h 22m 68h 52m
Time
Images 300 300 600
Pretrained
Dataset V0C2012
Table 5. Training on Faster R-CNN Algorithm (Aircraft)
. Original Augmented
Sl Dataset Dataset Uil
Epochs 10 10 20
Flapsed 30h 10m 37h 44m 67h 54m
Time
Images 300 300 600
Pretrained
Dataset voc2012

5.2 CNN Object Detection Test
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Fig. 9. Object Detection Result (YOLOv3 / 2,650%1,955
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Fig. 11. Object Detection Result (Faster R—-CNN/3,123%2,346)
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i Airfield#3 [

25,000 x 15,000 Pixels

. Final Result of Proposed Model (YOLOV3)

st 73 14, 150]A12F ZFo] CNN & aj5o] 718 &

2 xS ]2 QolAldst Alge Uy skolg]g)
v}, ofzit 2A] dleiAs 5 sk dloleiile) A
Wt 52 02 571 AFE AN ool

.

Fig. 15. Odd Case (Faster R—~CNN / 3,000%1,125)

5.3 Optimal Size of Images for Object Detection

ofg olulxlo A% WA Agsl] g ARl #
& 5202 2 4 Uroldat S0l 2t £7}o] A
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2ol WiniA AR g3719) thaek CNN gagzo] 4]

ol F3719) hg wlmsiolck

Table 6. Object Detection Result Comparison (#1)

Airfield #1 (Total Number of Aircrafts : 26)
Div. IMG_ Size Detection Rate
(Pixel) YOLOv3 Faster R-CNN
1 21,200x7,820 0% 0%
2 10,600x7,820 0% 0%
4 10,600x3,910 0% 8%
8 5,300x3,910 42% 4%
16 5,300x1,955 62% 50%
32 2,650x1,955 81% 50%
64 2,650x978 100% 96%

Table 7. Object Detection Result Comparison (#2)

Airfield #2 (Total Number of Aircrafts : 126)
Div. IMG_ Size Detection Rate
(Pixel) YOLOv3 Faster R-CNN
1 24,000x9,000 0% 0%
2 12,000x9,000 0% 0%
4 12,000x4,500 0% 8%
8 6,000x4,500 16% 12%
16 6,000x2,250 34% 47%
32 3,000x2,250 78% 49%
64 3,000x1,125 92% 85%

Table 8. Object Detection Result Comparison (#3)
Airfield #3 (Total Number of Aircrafts : 17)

. IMG Size Detection Rate

Div. .

(Pixel) YOLOv3 Faster R-CNN

1 12,490x4,692 6% 6%

2 6,245x%4,692 12% 0%

4 6,245x2,346 35% 47%

8 3,123x2,346 65% 35%

16 3,123x1,173 100% 88%

oAt o] 7} EAE olujx]o] T APMES FFE
Ax}, oA AE 2AH9] ojujx] B Ao Rgsts

&770] 7] oF 3,200x1,200 WAL o]s}ol Z o mch
sof VoAl Mokt REuto] wgsigirt.

VI. Conclusions
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