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A% (mAP 2 small/medium/large object ol t3+ average

precision) B 0 A 2] < &= (frames per second)

g = mAP AP(S) AP(M) AP(L) FPS
384 40.3% 19.0% 43.6% 56.1% 91.1
416 41.2% 20. 4% 44 .4% 56.0% 86.0
512 43.0% | 24.3% | 46.1% | 55.2% | 74.4
608 43.5% 26.7% 46.7% 53.3% 58.6
704 43.1% 28.0% 46.8% 49.9% 48.9
800 42 .0% 28.8% 46.3% 32.9% 39.1

<3 2> AT 384%384 9} 608<608 ¢ bounding box E&
GNE dS A A=

NMS mAP AP(S) AP(M) AP(L) FPS
Greedy 44.2% | 25.9% 47 .0% 56.6% 36.3

[1]

Diou 44 5% | 26.2% 47 .5% 56.9% 36.2
[5]

Diou + 45.1% | 26.7% 48.2% 57.6% 35.5
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NMS mAP AP(S) | AP(M) | AP(L) FPS

Greedy 44.4% | 27.0% | 47.0% | 56.6% 36.3

Diou 44.8% | 27.4% | 47.5% | 56.9% 36.2

Diou + 45.1% | 27.4% | 48.2% | 57.6% 35.5
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71584 AR E 71 Diou-NMS[5]olA A&+
penalty term < A}&3}3Tl. Diou-NMS 9] penalty
term < % bounding box 7+9] F4] A9} F bounding
box & ¥ & box 9 Wizl HE&S AMEEH]
ol T4 AYE 0~1Al2 REF37F 7Hs st
F3Y)= F bounding box 7Fe] HH| e} Fole] HIES
b7y 22 3hs 2 e E Umo=EA 0~1 Aol
xwskel s AREsESlY. 7lskE e T4 AR s
=30 ARE ZA)o AFE-3Fo Z M hounding box S©|
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Zolw, ® 5 & GNMIS 9 AFAH< Ad Ays
UERA T
<% 4> ¥ 39 ABE G-NMS 9] A% nask A
NMS Greedy[1] | Dioul[5] | DioutWBE[6] | G-NMS
mAP 44 4% 44 . 8% 45.1% 45.3%
mAP(50) 66.4% 66.5% 66.4% 65.4%
mAP(75) 48.3% 48.8% 49.5% 50.5%
AP(S) 27.0% 27 .4% 27.4% 27 .6%
AP(M) 47 .0% 47 .5% 48 . 2% 48.6%
AP(L) 56.6% 56.9% 57.6% 57.8%
AR(1) 34.9% 34.9% 35.0% 35.1%
AR(10) 55.7% 56.5% 56. 4% 57.2%
AR(100) | 58.9% 60.1% 59.9% 61.2%
AR(S) 39.6% 40.6% 39.6% 40.3%
AR(M) 62. 4% 63.9% 64.6% 66.2%
AR(L) 74 . 3% 75.6% 75.4% 76.9%
FPS 36.3 36.2 35.5 35.5

&l o
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<¥ 5 FIHE 0.6°0=
o] G-NMS A5

FASIL Diou S =

Diou 0.1 0.07 0.05
mAP 45.3% 45.3% 45.1%
mAP(50) 65.4% 64.7% 63.9%
mAP(75) 50.5% 50.7% 50.7%

AP(S) 27 .6% 27.6% 27.6%

AP(M) 48.6% 48.5% 48.4%

AP(L) 57.8% 57.8% 57.6%

AR(1) 35.1% 35.0% 35.0%

AR(10) 57.2% 57.5% 57.5%

AR(100) 61.2% 61.7% 62.0%

AR(S) 40.3% 40.4% 40.4%

AR(M) 66.2% 66.7% 67.1%

AR(L) 76.9% 77 . 8% 78.1%

A Ay, NS & dAAHS= mAP 7F 0~0.2%
s Folsdct, Tg, 10U 7F 0.5 A
mAP(50)°] 1% TAaHFHRo, 10U 7F 0.75 & uw=
mAP(75)7} 1% Z7}8+S #olstd}. mak, = 2049
ek AP(L)E 0-0.2% Wz 2 WEo] gldlony,

recall AR& 1.5~2.7%7} aA=S dolsei}. o=
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Algorithm 1. G-NMS

Input

B: Detected boxes with different resolutions
(Each box has x,y,w,h and confidence score)
W: Threshold for width ratio of two boxes
H: Threshold for height ratio of two boxes
Output

Detected boxes processed by G-NMS

Sort B in order of high confidence score

for { = 0 to number of B do
if B[i]’s confidence score is 0 do
continue
for j = { + 1 to number of B do
if B[i].w > B[{].w do
ratio_w = B[i{].w/B[j].w
else do
ratio_w = B[j].w/B[{].w
if B[j].h > B[i].h do
ratio_h = B[{].h/B[;].h
else do
ratio_h = B[;].h/B[{].h
if (diou(B[i], B[;]) <D && ratio_w > W
&& ratio_h > H) do
change confidence score of B[] to zero

<E 6> C0CO 1E1 =43 71 WA (YOLOv4[4] 2

SNIPER[2]) = At W] 445 Blnl
iy g mAP AP(S) AP(M) | AP(L) FPS
YOLOv4 | 384%384 | 40.3% | 19.0% | 43.6% | 56.1% 91
[4] 608608 | 43.5% | 26.7% | 46.7% | 53.5% 59
800800 | 42.0% | 28.8% | 46.3% | 32.9% 39
Aok | 45.3% | 27.6% | 48.6% | 57.8% 36
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e
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