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Abstract : In this paper, we propose a novel deep learning algorithm to improve the detector’s performance in sequential
images. By adopting a sliding window method that uses three consecutive images, the keys are generated by comparing the
positions of the detected boxes for each of the images by using Generalized-IoU. Addition and Merge tasks were applied
separately through comparison by using Complete-IoU after key generation. They have the effect of correcting the
unexpected or incorrectly predicted bounding boxes. As a result, performance was improved in terms of average precision.

Key words : Deep leraning('d 21d), Average precision(*¥d v “d & =), Recall(#] & &), Bounding box(7d 7l “d-#}H), Loss
function(¥=% &), Convolution(3d ¥)

1. M8 9t} o] = So], DNNS &-83t #}eFo] 8 A=

ojm Aol A EA|E A skl = ?41_6% EHehe 2y o et A71Ve} gholthe} ek E 3| 2 %"6}04
o 71E g e s Fastd wolA] Hede gg A AR A6l e A7 s glok
gk o & wbd sl ghek Convolutlonﬂ T9l8 &3 o] Tracking -oFll A FA] A% 7d(Sequential
u)x o] T2 oS RESWUA o|u|XE EFE images)S o= FHe A A4A vMEAAES
A F AL, o] m A el A] E-A| ] 912 A 9 71 =] AFEEE EAlO) IDE F-ofstal 43 A7 13
25 sk Zlo] 7hs sl AL Aok shA Rk tioke] Hed IEY A= AR &

71E HE gL WL A H| o] QFE o] AR o] #H% Backboneol] Ho]gt5e A &3] F7} glololE

22 AAYA T, AlexNet" 2] Aot o] F 2 J& H24 o] A EF el gt ARl BAE 7HA oL FHE
S o] Fo AL U E A %, o v A A, ¥ oh oleh &2 HENASE A58 el ARS 7F
2] = oheksl A2 A7) J 8 a1 gl o), sl O]—H —‘gg]q,]_ 3 A 31883 e AR &9kr] w&E
gl o5, &%, I 5 woks UES L HYd S &8 o] F7H4<1 A5 7o) 7 EeE i =iell A= Tl
S At mEgk ehke] & L Qi) 58] A ffﬂ e 3 el FHE Held HEYAE &8st £
ool A You Only Look Once(YOLO),” Single Shot Multibox- o] 7 glo] 45S /MAE = U= Stack of keys

Detector(SSD)'” 2} 7+ Real time detector”} #l| 9+ ©] - network & #| <+
B ZheletE &-8-5h7] S g vheek A X s A

“A part of this paper was presented at the KSAE 2021 Spring Conference
“Corresponding author, E-mail: jwyoo@kookmin.ac.kr

T'his is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/licenses/by-nc/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium provided the original work is properly cited.

951


https://crossmark.crossref.org/dialog/?doi=10.7467/KSAE.2021.29.10.951&domain=http://journal.ksae.org/&uri_scheme=http:&cm_version=v1.5

oS - 2

2 2 o
Aol A Keys A4 el A Alme
etector’}, T WA 2= 712 H RS ¥ 1E}7)
el Wasieh vyl B ge A7 E
Fo, o] B-gato] AT AP eh

i

]
1]
]

B
=

]
!

i

El

2 o dy
% (LR

ol
o
N
=

21 gaiy Y=
2.1.1 Backbone2L2 EEE|= HEA
AlexNet(KriZhevsky T oA & BT F
A 7 2FdollA Top-5 78 154 %2 ¢tezlel
A5& BT AlexNet> o v R 75 93l 2412 34
+ 217 ™(Deep convolutional neural network)S AH&-3l 4]
=2 458 9 F oS BTt VGGNet(Simonyan
3} Zisserman?)2 7]E2] AlexNet®H U} T 28 22 7}
A= T35 A E T ReLUS 83 M EY T 725
AQFSISTE o] MEYAE F-37) T@eslal &<5o] ¢
3l A5 o] §-F35te] & Y EL A2 Backbone O 2 %
o] ARG-E AA R sheu|E =7} U - Bol v e AR-g-o]
Bohs 2415 7FA a2 AT GoogleNet(Szegedy 5)
Network in network(Lin 522 3+3138}9] Inception 52
AABFRA AL, 22 T Hlolo] o2l NE g e BE
2 Al 295 A= JEE EYAE FA5)
Stk ResNet(He 5) Held EH Z7F F+327F 2oL
HETE Aol Fople thal dEbu|E7E wol]aL
8ol o H YR = A Skip connections E=$131] 3
AT T] ResNet=> 7] VGG16 UIES AR} guf o]
o 27 152 #|o]A7A] A g8 4] S 2 ImageNet
Bl 22 o A Top-5 &5 3.57 %= A 83T

:

2.1.2 Real-Time Detector

Fast R-CNN”& 7|2 R-CNN?2] (D Region Proposal-S-
ZFZ3}9] CNN 4k @ Classification, 3 Bounding box
regression ©. & X8 = W25 Classification™} Bounding
box regression= §F H ol Xl sh= W2 0 2 tfAsto] &
=2 FHAZ T Faster R-CNNYo| A Fast R-CNN<J
Selective search B2 © & X 3JslH AJ7ko] Q&) AT}
Region Proposal Network(RPN)S =¢8]
Convolution layer Y 5-0ll 4] A|QFsl= wha] 0.2 o A5l
&) 4§+ Real-Time network ©] T},

Redmon 572 1-Stage network®] thE2 ¢l Larz]F
21 YOLOE AlRtaldint. 4= v A& Gride 27} 7}
Cellv}c} Bounding box regression®} Classification= 718}
gl Wl o2 St w9 w2t Liu 102 vk HA]
= 1-Stage network®]™ <=7} ufl-$- WE SSDE A|<ts}

&3t} SSDE Convolution 934HS 71 8 &h==- Feature 9 ©|

= BAE

952  #=2E238E =232 Ao A|105, 2021

o o] golo]o] M =t

oF
HABRAL, 22 9] glolofoll A F ==

2.2 Bounding Box H|u 2|=
2.2.1 Loss Function
9] Y2id vlE$ A= Bounding box regression
S 9%k &4 3= 1-norm¥ 2-normS & AMES)
v, shebulE i vhose] 4] AT x, yo} vhae) 9]
2 om|«] =171 oin] Hl&<] Width, HeightS AH8-2iT.
1851 9 A= o S8k uko] x, y, Width, Height$}
Ground truth®], x¥, y¥, Width®, Height* 7+2] Intersection
Over Union(IoU)E A1-8-3}] 3 7}ghc},
Generalized-IoU(GloU)(Rezatofighi 5'")&= |23+
2ol oitS& Al71eke] £ gl gk skebv B = ToU
% ;g‘x‘j Eol ?‘5],.‘:_ H]—/\].Q_ Z«“O‘l—'é‘].oﬂ]:}_ IOUQ 7:1 () H]—/\
7t R EA G2 Aol who] B 00| R, o] B
¢+sl7] 913l ¢l= 3t Bounding box2} Bounding box®
1—5\__% E!_l:,_ AN }_“:_ ojodv/] o] CE v Lo} o]—OI] [oUS
q]915133 ). Complete-IoU(CloU)(Zheng
)= GloU2] 49 éT—E =" s welelr] 98l C
AR Ao 5 aks 7] vl A
st H 2 EQlste] 1 S5 AR

2.2.2 O|O|R| Hlm n2|S

H

Zrerst| ofv) A §4h
2 5 Qs guloleh. kA 24 Tt g
ukedal7] of ek A7} ek o2 M

Mean squared error= 7}
Rl

il
]E
=

)

ok A
)
R

Table 1 Structure of stack of keys network

Algorithm (Detections of Image1 and Image2 are performed before
entering the while loop)

while(When there is an input value)

@ Enter the next image

@ Image detection using Detector (get Bboxes3, Labels3,
Scores3)

(® Calculation of Bboxes 1« Bboxes2 and Bboxes1«<
Bboxes3 comparison values using a comparison
algorithm (GloU)

@ Extract the maximum value of the calculated value,
filter using preset GloU LIMIT, and generate Key1 and
Key2

® calculate Key2 - Key1 to create a key vector that needs
to be updated

® Calculation of the similarity between for add box
calculated based on the key vector and existing
Bboxes2 (using CloU)

@ Boxes less than the preset CloU Criteria value are
added.

Other boxes are merged with the boxes inside Bboxes2
with the highest similarity.

end
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Fig. 1 The keys are created by comparing GloU scores
between bounding boxes in images. These keys are
used to determine which boxes to add or merge
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Table 2 MATLAB code for key generation

Key generation code

# Compare Bounding boxes in Image1 with Bounding boxes in Image2
GloU = GloU(Bboxes1, Bboxes2)

# Extract maximum values from rows and columns
GloU_max_column = column_max(GloU)
GloU_max_row = row_max(GloU)

# Except for the maximum value in GloU, all other elements are filled with 0
for c(column number) is 1 to end
for r(row number) is 1 to end
if cth data of GloU_max_column is equal to rth data of GloU_max_row
GloU_key(r,c) = GloU(r,c)
else
GloU_key(r,c) =0
end
end
end

# Only elements greater than 0 and less than the threshold are converted to 1.
GloU = (GloU_key > 0) and (GloU_key < GIOU_THRESHOLD)

# In the GloU matrix, an element with a value of 1 is replaced with a number
corresponding to each the row of the GloU matrix matches
Bboxes1 and the column matches Bboxes2.
foriis 1 to the number of bounding boxes1
for jis 1 to the number of bounding boxes2
if GloU(i, j) ==1
key_sav(i, j) = j;
else
key sav(i, j)=0;
end
end
end
# key_sav matrix is compressed into a one-column vector. The column number
with the index of the element 1 is stored in the created vector, the index number of
the vector is the same as the number of Bboxes1, and the data of the element is
the same as the number of Bboxes2.
KEY1 = column_max(key_sav)
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Fig. 2 (a) Comparison between images, (b) Detection of matching abnormal areas, (c) Generated keys, (d) Correction of
abnormal areas using keys (Red: added box, Blue: merged box)
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Table 3 Result of comparison of mAP/FPS of reference networks and of stack of keys network. In the case of using
GIloU~+CloU, it can be seen that the FPS loss is small and the AP rise is highest

B o3 MATLAB 2020b= &-8-3}o] 218 % ¢l o,

Reference | Reference | Our Algorithm | Our Network
Network | Backbone Method improvement
mAP FPS mAP FPS P
Dist + FSIMc 58 24 0.02%
Dist + CloU 58.17 39.3 0.31%
ResNet50 57.99 41
loU + FSIMc 58 10.6 0.02 %
GloU + CloU 58.39 38.4 0.69 %
YOLOv2 .
Dist + FSIMc 72.49 20.2 0.33%
Dist + CloU 72.62 30.8 0.51%
ResNet101 72.25 31.7
loU + FSIMc 72.39 7 0.19%
GloU + CloU 72.63 30.3 0.53 %
Dist + FSIMc 41.74 231 0.31%
Dist + CloU 41.73 29 0.29 %
ResNet50 41.61 35.2
loU + FSIMc 41.7 6.8 0.22%
GloU + CloU 41.88 33.43 0.65 %
SSD .
Dist + FSIMc 50.61 22.4 0.58 %
Dist + CloU 50.53 28.3 0.42 %
ResNet101 50.32 28.6
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GloU + CloU 50.81 27.9 0.97 %
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