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Improved Image Tiling Method for Real-time Vespa Detection

Yeong Jae Kwon, Yunju Jeong' and Cheol Hee Lee*

Department of Computer Engineering, Andong National University
'Institute of Software Convergence Education, Andong National University

m In order to effectively control wasps, which are the main cause of damage in beekeeping,
a monitoring system that can check the appearance of wasps in real time is necessary.
Convolutional Neural Networks (CNNs), currently widely used in the field of object recognition,
cannot successfully detect and classify small objects such as wasps. When a wasp is
photographed at a distance of 40 cm with a 4K-camera, the size of the wasp is only 2~3% of the
total image. Therefore, in order to increase the recognition accuracy of small objects, we use
a tiling method to detect wasps by dividing the image into 3 3. In the traditional tiling methods
do not recognize objects located on the divided boundary well. In order to improve the object
recognition performance of the tiling method, we propose an improved tiling method that
additionally detect a partial area centered on the boundary line in the original image when there
are some objects on the tile boundary line. We evaluated the performance of the proposed tiling
method using the YOLOX model after producing 7,505 4K resolution images in which 5 species
of wasps and 1 type of bee were randomly placed on a 3x 3 tile boundary. In experiments on
image data created for wasp object recognition training, the PASCAL VOC mAP of traditional
tiling methods was 3.28%. However, the mAP of the proposed tiling method was 14.14%, which
showed better performance of the proposed tiling technique in terms of accuracy.

Object detection, CNN, Vespa monitoring system, YOLOX, Tiling
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Fig. 1. Flow chart for Tiling.
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Fig. 2. Visualization of tiling process. (a) Input image, (b) 9 tile
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images (3 X 3 case), (c) Example of object detection for tilel and tile2.
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Load resulting inference data
(box coordinates and class)

Loop 1™ N, N : number of tiling images

Loop 1 ™1, 1: number of inference data each tiling image where, each inference data,
i has two coordinates, (x1, y1) and (x2, y2), and one class id

Generate BB] i, inference data for the nth tiling image, and means
Bounding Box, composed by(x1, y1) for the top-left corner and(x2, y2)
for the bottom-right corner, respectively

Loop 1™~ J, ) : number of inference data for the next adjacent tile of the nth tiling image
where, each j also has two coordinates, (x1, y1) and (x2, y2), and one class id

Generate BBi”'

! ju, inference data for the
next adjacent tile of the nth tiling image

If BB} .class_id ==
Bbni.x2 = BB]" .x1and
Bbniyl = BB]-"' y1and
Bbniy2 = BB y2

BB{" .class_id and

New BB coordinates = (BB]' .x1, min(BB[* y1, BB]-”' y1)) for the top-left and
(max(BB[" x2, BB" x2), BBi"' x2) for the bottom-right delete BB]", BB]-'”

Fig. 3. Stephane’s bounding box merging algorithm.
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Fig. 5. Errors in detection process using tiling. (a) Two bounding boxes for an object, (b) Two bounding boxes and two classes for an ob-

ject, (c) One bounding box with half size.

Fig. 6. VarlOUs detection results on the boundary area. (a) Cor-
rect detection for two objects, included in different classes, (b)
Incorrect detection from one object.

A G2 ¢ TPE YT o 23 A 9] 92 (v
3 Hr2)oF AA] A 0] 93] Atol] FAH]e2 ofn|st
= I0U7} 23851 0] Pascal VOC, COCO Datset©]] T
2} opefet 7o) EAfgtt 2 =2l A= Pascal VOC©]

Table 1. Training data set.

Scientific name Label Train  Validation  Test
Apis mellifera Apis 1115 150 150
V. ducalis Ggoma 1285 150 150
V. similima Simil 686 150 150
V. velutina nigrithorax Balck 941 150 150
V. mandarinia Jangsu 762 150 150
V. crabro Crabro 916 150 150

Table 2. Type 1, Type 2 Errors in Deep Learning Object Detec-
tion.

Predict result

Ground truth
Positive Negative
Positive TP (True Positive) FN (False Negative)
Negative FP (False Positive) TN (True Negative)

Al A3 10U 7|=ol wet, 742t Sejad 2 ANE
083l xZ (recall) ¥t y= (precision)©ll TH5H] AP (Average
Precision)2] HA-& ALtstal, zF S A APS] A<l

mAP (mean Average Precision)& 3712 283t}
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Loop 1™ N, N : number of tiling images

Loop 1 ™|, | : number of inference data each tiling image where, each inference data,
i has two coordinates, (x1, y1) and (x2, y2), and one class id

Generate BB/ iy, inference data for the nth tiling image, and means
Bounding Box, composed by(x1, y1) for the top-left corner and(x2, y2)
for the bottom-right corner, respectively

Loop 1™ J, ) : number of inference data for the next adjacent tile of the nth tiling image
where, each j also has two coordinates, (x1, y1) and (x2, y2), and one class id

Generate BBi'" : jin inference data for the
next adjacent tile of the nth tiling image

BBy x2=BB]" xland
BBl' y1= BBi"' y1land
BBl y2 = BBi"’ y2

If the BB]" is
located on a tile
boundary

New BB coordinates = (BB]-"' x1, BB[' x2 =2* BB[' x2- BB[' x1
min(BB* .y1, BBi'" .y1)) for the top-left and new BB = inference(BB]" .area)
(max(BB;" .x2, BB]" .x2), BB" .x2) for the

bottom-right delete BB", BB]"

If new BB not empty

| Replace BB]' with generated new BB

!

Fig. 7. Proposed bounding box merging algorithm.
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Recall— TP 7} YOLOv1 (Redmon et al., 2016) ©]5-0] Lk& H 1A
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Fig. 8. Labeling for training data. (a) Apis mellifera, (b) V. velutina nigrithorax, (c) V. crabro, (d) V. ducalis, (e) V. mandarinia, (f) V. similima.

() (b)

() (d)

Fig. 9. Process to generate for test image set. (a) Vespa images, (b) Inference by YOLOX, (c) Crop the detected results, (d) Placing the

cropped images on the boundary area of tiling.
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Table 3. Comparison of YOLO-based detection networks.

mAP for Inferecne
Yg;gj;f:d Refjrse COCO  timefimage  Anchor

y dataset (%)  (ms)
YOLO vl 2016 - -
YOLO v2 2017 21.6 -

Anchor based

YOLO v3 2018 330 219
YOLO v4 2020 435 20.11
YOLOX-s 40.5 9.8
YOLOX-m 46.9 12.3

2021 Anchor free
YOLOX-1 49.7 145
YOLOX-x 51.2 17.3

Hof| ZAgtetA Aot positive 2 TFE 2 E -G-2]5H]] 2
Bt whebA] GAFoll A T Ao 2717t A o=
22 FEQl B AES ol A7 e Ao s
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Fig. 10. Anchor-free model for the center point, ¢ and 4 values
with I, t,r, and b.
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Fig. 11. mAP according to PR curve without tiling.
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Fig. 13. mAP according to PR curve by proposed tiling.
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Table 4. mAP result table for compared algorithms.

AP according to classes (%)

mAP

Apis Black Crabro Ggoma Jangsu Simil (%)
Without tiling 0.15 1.79 0.07 0.15 1.85 1.09 0.85
Stephane’s tiling 2.09 531 1.65 2.70 347 445 328
Proposed tiling 993 20.64 10.89 15.65 13.65 14.07 14.14

Fig. 14. Comparison for vespa detection. (a) Resultant images without tiling, (b) Resultant images by Stephane’tiling, (c) Resultant images

by proposed tiling.
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Fig. 15. Examples of detection error, when the size difference between adjacent bounding boxes is large in proposed method.
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