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A Lightweight Algorithm for UAV Aerial Image Objects Detection
Based on Improved YOLOX

HU Xiao, PAN Shenfu
(The 54™ Research Institute of CETC, Shijiazhuang 050081, China)

Abstract: Aimed at small unmanned aerial vehicle (UAV) patrol applications, a lightweight object detection algorithm is pro-
posed to effectively solve the dual constraints of wireless transmission channel and onboard computing resource during the patrol
process. Firstly, the Mobilenetv2 network is used as feature extraction network of YOLOX algorithm to reduce the parameters and
computation of the model, and improve the speed of object detection. Secondly, the CIOU loss function is introduced to improve the
precision of object positioning. Thirdly, a Focal Loss confidence loss function is introduced to balance the positive and negative or dif-
ficult and easy samples in training process, improving the performance of the model. Experimental results based on VisDrone2019-
DET dataset show that the improved algorithm reduces the model parameters by 56. 2% , the calculation by 52. 5% , and the inference
time of single image by 41.4 % , without a significant decrease in detection accuracy. Finally, the improved algorithm is deployed to

the Nvidia Jetson Xavier NX, and the model detection frame rate reaches by 22 FPS, which meets the application requirements of pa-

trol tasks.
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Horpr: TP e3R8 1E 6 B0 i) IEFEA A4, FP &R
SRR BTG 1RE A A IR TN K IERE AN S, FN FoRBLEDE
TEREAR T Ry SRR AR B9 AN B, S 1 IE B ke ot Bk A R
AT T IS5
4.3.2  JHmhEEE

T VAR B R R R AR, A R T AR
[ B S5 o BB 9 B 0 Al SE 88, 7E PC 3§ VisDrone2019-
DET R4 1 X1 2 A ) 455 78 5 47 900 3k e O A, 3k 28
Be AR SR 6 F 132 17 3088 . 8B TIOU (A 0.5 4
BB A BRI TR m AP {5, 4 TR X 4% 2 046 0 175 052 4
# 2PN,

FEIRE b % A5 25 00 B A T 25 SR B, R R AE 4R LX)
25 54 Mobilenetv2 it {6 W 4% . B e 5 BE B (1) mAP %
KT 0.2%. FEAIA Focal Loss 45 2 B % F1 CIOU Loss #i %
PRBGHEAT NG G, BB mAP K T 0.3%f 0.4%, 5
YOLOX Bk M BEAH Y, Bt G ks T AL A
T8 /N RY H bR 09 RIS B . 1T 43 iR AR A I R A
B SR TR PC b ok B G B 8], & Bk W
B PR RE N 3 BTR .

2 kTR BB AE 26 H AR L mAP

250 YOLOX|+ Mobilenetv2| +Focal Loss | +CIOU Loss
AN 0.391 0.369 0. 37 0.372
A 0. 200 0.231 0.229 0.235
B4 0.121 0.124 0.122 0.128
et 0.772 0.772 0.775 0.776
i 45 0.361 0.39 0.4 0.397
£ 0. 369 0.362 0. 365 0.363
=R 0.214 0.172 0.175 0.175
WE=%7%| 0.160 0.159 0.152 0.162
KEF 0.541 0.529 0.539 0.532
EEFLTE | 0. 368 0.375 0.379 0.377
mAP 0. 350 0. 348 0. 351 0.352
%3 AL
LAY SR | IHHE R FLOPS | 4 SR 5]
YOLOX 8.94 M 26.78 G 14.73 ms
Mobilenetv2-YOLOX 3.91 M 12.73 G 8.63 ms
Mobilenetv2-YOLOX-Focal .
Loss 3.91 M 12.73 G 8. 63 ms
Mobilenetv2-YOLOX-Focal
Loss-CIOU 3.91 M 12.73 G 8.63 ms

B SERGZE R AT R, K YOLOX 533 (& T W 25 46y Mo-
bilenetv2 Ji5, MRS HE M 8. 94 M &K 3.914 M, [
T 56.2%. iFF A 26.78 G FLOPS [k N 12.733 G
FLOPS, sk Pl R () HE 3 (R AR T 41. 420, J5 45 2% R
B O X S BRSO W) . R
YOLOX A kb B J5 11 50 6 70 DR 35 R MR B2 1 1 00 F ROR 4R
FET RN . B 58 Bk 9 Mobilenetv2-YOLOX-Focal
Loss-CIOU 8 #: #4 3| Nvidia Jetson Xavier NX #K 32 J& A ML
BLEEN G a4k, i B GA ) 22 FPS, £ 4 N A
4.3.3 SLEGEEH

B AR S A 0 S P AT A M, 13 8
Bkt # B BAR A AL ZS R, TR B BERAE ().
(b, (. (D MIEEGEIREE. BRSNS, 5
W PRBCSEAN [F) 't A% 1 AR L e e 55 22 b 1145 R
I AR IR, Bgs R e 7 iR,

T S R R I R
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%1 [}

B, 55 TG R YOLOX B8 AL B A5k 5 vk + 63 -

S S B 36 0E VR S ) R A S B a8 3 e A T ROCR
K DIT M300 RTK Jo ABLAHE T [ Py L4 i A3 22 P 1%
Br Hk A BB AE Jetson Xavier NX AL 2 s 6 45 750 o g5 4746 )
MR, A 5CTE H AR B AR . 15 2 S BR H A A I 5Ok
i 8 fs .

Pl 8 AR T R R N A L

5 ZHRIE

T X TC A% A5 T 2 B 00 T IR T A e AL
B BRI R i AR B R AT SY . 4R T el YOLOX
BEfb B AR Rk, RN G AT T R R E.
P& A REAE YOLOX Ay 2R Fil Mobilenetv2 R¢AE $2 B M
%, BART MBS BRI R R UK B AE LUK R
B4 R Focal Loss 4512k R, 4T (9 i 1E 070 RE A FXE &)
FEAS s BRJG M AL AR AT etk #E TOU 38 9% L 6 a1
A BFRHER T8 LA ST 0, B B o CIOU #5726 bR 4, 42
T Do 2 (v Tl U N B, 38 A B S AR S . B AT R
R REXT LSR8, ik BT A B b n A A0 B A e R 25 A
) S R U0 R T B R N L AR B R R, R A A
LRI S L. R BR800 SC B N R M RE i R AR
T F 4H B 5 A /N TE AL LY Jetson Xavier NX HgE 47
i, R B 5K B 22FPS, i R AT S5 1 N H T ok, %t
MBI E LR EAM TRIRESHE L.
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