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Abstract

With the development of optical remote sensing technology, the object detection method of re-
mote sensing image is gradually improved. SSD is a single-stage target detection model. This paper
is based on the application of SSD algorithm and the object detection task of remote sensing im-
ages, and aimed at the difference between remote sensing images and normal images to make
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targeted improvements. Firstly, the classification module and the detection module of object de-
tection are optimized simultaneously. Because of the uneven distribution of simple samples and
difficult samples in the detection module, the gradient update is not balanced, which leads to the
slower convergence of the detection module than the classification. In order to solve this problem,
a new loss function is proposed, which can alleviate the imbalance of gradient updating and im-
prove the accuracy. At the same time, the Laplace-NMS method is proposed, which has better
post-processing effect when the target is dense. The loss function proposed in this paper is im-
proved by 3.47% compared with the SSD algorithm, and the Laplace-NMS algorithm proposed in
this paper is improved by 0.78% compared with the NMS algorithm.
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Figure 1. SSD model structure
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Algorithm 1 Non-Max Suppression

1: procedure NMS(B,c)

2 Bpms < 0

3 for b; € Bdo

4 discard < False

5 for b; € Bdo

6 if same(b;,bj) > Anms then

7: if score(c, b;) > score(c, b;) then
8

9

0

discard <+ True
if not discard then
10: Bnms < Bnms U bl
11: return B,

Figure 2. NMS algorithm steps
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Imput : 8= {b1,..,bn},S ={s1,..,sn}, V¢
B is the list of initial detection boxes
& contains corresponding detection scores
Ny is the NMS threshold

begin

D {}

while B # empty do

m <— argmax S

M by,

D+«DUM;B+ B-M

for b; in B do

| B+ B—b;S+S—s

end
return D, S

Figure 3. Algorithm flow comparison
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Ko AT VLR BENUREE FRE 715, f/hibEN 32, HESIEN 0.9, REZEEN 0.0005, XA
WIZRERIEAR 15,000 IR T [ S50 #8 R TR A P 5040 18 580 R 25 000 DR ko HER S8 F v A 12k

% 1N SSD 5 il g3tk 45 2k R $ i) SSD Xif B, SSD JE G 4E B Ry 0.8845, i FH ittt J ik
BRH) SSD R M 0.9192, LT T 3.47%.

Table 1. Comparison of loss function results
1 MKRBLERIILL

Ttk SSD SSD + AdjustLoss

mAP 0.8845 0.9192

4 7 SSD + adsmoothl1 ()45 5K, 515 4 SSD HiERI4E R E, Bt A2 1 AP (ERET T J&
TNo JHI SIS FRT A ship ) AP B M\ 0.6803 #271% 0.6956, storage 1) AP {E A 0.9074 $£7F} %] 0.9282
X T AX /)N B AR A SCHE HA 451 2K R B0 S50 285 SR A B S )4, el 2 vehicle M\ 0.7254 #2731 0.8066
RCRSETHIIE,, AT LUR IR/ B ARSETH SRR A &
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Figure 4. The result of SSD + AdSmoothL1
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Figure 5. The result of SSD
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Table 2. Comparison of non-maximum suppression methods
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Fi: SSD + AdjustLoss + NMS SSD + AdjustLoss + Laplace-NMS

mAP 0.9192 0.9270

6 4y SSD fifi FiI A S H 1) AdjustLoss 151 2k B HUAT Laplace-NMS SiE45 R &, Laplace-NMS 3% 2
X ES SN A — T, KT airplane iX Ry %5 45 HLE S R LLEGE H bR AP B 0.9784 $2
J+£10.9978, &7t 1 1.94%, iEW] | Laplace-NMS J5 kA %tk
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Figure 6. The result of SSD + AdjustLoss + Laplace-NMS
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