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Although YOLOX has demonstrated strong
performance on generic object detection, its neck
relies primarily on the low-resolution feature maps
from levels P3-P5, which limits its ability to detect
small targets. In this study, YOLOX was selected as the
baseline model, and we propose a method which
incorporates the low-level C2 features and high-level
semantic features within the neck structure. By
exploiting the richer spatial details of the C2 features,
we effectively reduce false positives. The proposed
modification improves detection performance by up to
74 %in mAP,; ., compared to the baseline YOLOX.
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Aol G4 1o BA WA, 24 7L GAAR, AEF
B 5 Thpe Hobol A 4 7142 Ael g ek o] F 44 /A
I gule FoRZt A% 28, AR, SN, 714 o8k 5 thord &
8 A AN AFHA BA AX 5 FrE AAE A5
4951 5% 2a0lth HolH AA L BRA7 s & of
YA & A gl 9% 27 20 gt ool B, vt
A% gayol AL BANAE A4 Yt A4 HHE AT
g 4 Ak olH e SHOR A H9M G 24, 7, WA,
59 A ERE 5 bkt 4 Hokol A WA AR FEH T
olet.

B YA W FHL FARE ALGY A5 222 A5
£ 9y 7)ol th §A A AL T 4o 24 o 2o} 9K
2 A5 Alg ol shul, 24 G| A Al7k] B2 HAH
% 4B QAo 2ok Ak Ty A4 G4 7}
A% GAI T ) o 2H B A GBI A G o] o], A4 o)
AE, AT ) 2 H (SNR), 97 2 E (clutter) 9] FFOE
Q18] 24 4 o] o} el & AL AP 58] 29 HH Y| A% )
A A A G4 Wol A et AA BAEH, 94
QoI A E2o] A5t BA 7} 0] 9 Fo] A FA 7} of
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ATH 02 FETh 44 49 14 8o/ H Al
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Fig. 1. A sample image of the AntiUAV dataset
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Fig. 2. The Framework of the proposed method. Model is consisted of backbone, FPN, PAN, and head, which is same as
the original YOLOX model. The original model utilized the feature maps from C3 to C5. Our proposed method (red) in-
corporates the C2 features in both neck and head to enhance the multi-scale feature
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Table 1. The target sizes computed for each feature map
stage at the corresponding resolutions
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Table 2. The number of parameters, FLOPs and in-
ference time of baseline YOLOX and the proposed
P2-YOLOX

Resolution Stride Target size
map
_ 640 x 640 _ 16x 16 YOLOX-S P2-S  YOLOX-Nano P2-Nano
C2/P2 160 x 160 4 4x4 Params (M) 8.94 9.5 2.24 2.4
C3/P3 80x80 8 2x2 FLOPS (G) 26.76 538.8 6.93 15.01
C4/P4 40x 40 16 1x1 Ipference 108 259 0.59 107
C5/P5 20% 20 32 0.5%0.5 Time (ms)
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Table 3. Comparison of the AP, recall, and FP/TP ratio for different object sizes between the baseline YOLOX and the proposed P2-YOLOX
models. “P2-X" denotes the architecture and model size of the proposed YOLOX model. The better value for each mode and metric is
highlighted in bold. s denotes small size and m denotes medium size and the mean average precision (mAA) of 50 and 50:95 is written below

YOLOX-S

pP2-S YOLOX-Nano

AP, g | recall | FP/TP 0.383 | 0.864 | 4.42 0.405 | 0.864 | 3.31 0.385 | 0.882 | 8.46

P2-Nano
0.392 | 0.862 | 4.31

AP, a5 | recall | FP/TP 0368 | 0.991 | 3.07 0.401 | 0.990 | 2.26 0.514 | 0.988 | 5.53

0.526 | 0.984 | 2.53

AP, ¢, | recall | FP/TP 0.298 | 0.811 | 4.72 0.373 | 0.828 | 3.46 0.353 | 0.832 | 8.78

0.359 | 0.815 | 4.64

AP, a0 | recall | FP/TP 0.351 | 0.967 | 3.16 0.395 | 0.966 | 2.33 0.508 | 0.968 | 5.63

0.521 | 0.967 | 2.58

P oz | recall | FP/TP 0.233 | 0.638 | 6.14 0.195 | 0.688 | 4.28 0.28 | 0.654 | 11.31

0.283 | 0.660 | 5.71

AP, o7y | recall | FP/TP 0314 | 0.768 | 4.19 0.241 | 0.765 | 3.16 0.454 | 0.794 | 7.05

0474 | 0.81 | 3.25

AP, qg | recall | FP/TP 0.082 | 0.305 | 13.31  0.038 | 0.312 | 10.07 0.103 | 0.236 | 32.88

0.031 | 0.256 | 15.72

APm@80 | recall | FP/TP 0.109 | 0.28 | 12.82 0.034 | 0.28 | 9.98 0.21 | 0.315 | 19.04

0.078 | 0.322 | 9.49

P g | recall | FP/TP 0.004 | 0.007 | 602 0.005 | 0.01 | 317 0.001 | 0.002 | 3198

0.002 | 0.004 | 860

AP, gy | recall | FP/TP 0.002 | 0.004 | 959 0.001 | 0.06 | 502 0.009 | 0.008 | 799

0.006 | 0.005 | 644

mAE;, 0.706 0.735 0.741 0.739
mAPy, o 0.377 0.405 0.417 0.428
Table 3= 21| 2] 27| (s, m) & AP, recall, FP/TP & "HA5te AL Glstt. v E 54 Hd
Hl &< 7] YOLOX @3} A|QF5t= YOLOX & P2E EEIACEN ALY HA O Y 3 AHEE E
o mAPE FPER Yottt ofnf, AFo] 7] T ABHOE §AT 5 Y] RO R BetHch I
£ s mlE Ui 7]E2 327320 A2 B¢ g ol Ayvto == P2 EF o] AAE &Y
s(small), 96*96 5 T} 22 7§ m(medium) 2 = - FE Ao tfgt oS Z3lst=A AH#H o= g2l
B3l coco Holg Ao 71ES A £ sl a4 At
24,5467F 2] E|AE Al 5o large AA| 9] % 1,739 wep A AQEeE P2 E4 Wol] &Y HEA FHof of
7 grofl 2= A ghot F-om| g A& YEtU A X 3k 9FE vA=A A2 £4517] 95
stof s Aol Al Al Qs APS] %, P2E A Grad-CAM[18] A|Zt3HE =353l tt. Grad-CAM
&= Aol s BE oA = 577k, Nanoo| A = 77F SA2ANE EA RE S VA= AT D &

o ZA) 27 Fel3 2L 21T 4 Uth. Recall
o 49, s B A& ozt E8o] 9O Nano
2o AL 2 AAH ol L9t SHA e FR/TR ¥ &
o 49 P22 A8 YL W BE T4 g H o=

q& F4S MARZS ATt mar,9 3%,
Nano &0 0.2%p7}5 st oy s mdoj
A 2.9%p M= glom, A 2t digt 452
Eil= A HEQ mAPR, A= BF 5ol AH
At

Fig. 3&= 7| a3 AlQt 7S A83 29
g2 272 Yeydeh. s 2y} Nano 24 X5
of A 7]1& ] At 7] % A 835t p2 R oA ‘%}
A A= 27} %L;—O}ﬁo E5 g5t 2P 43
HA T At 7] XﬂloP P2-Nano©f| A Ag;,—’zj
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Fig. 3. The comparison of detection result of the variants of YOLOX models. Red box shows the ground-truth(GT) and
the orange box shows the detection results with the confidence score

GT Nano P3 P2-Nano P3

i 0 2019.09-25 1250:30

H11297.58 #{P0.60

Fig. 4. The comparison of the result of Grad—CAM visualization. Red box shows the activation
near the object
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(1) C2 SH< AH§3to] B HE AHE3o] PAN

o A1 o] 2 P3oke] §EL 531 P2 592 YA
(2) P2 54 A48 B3} A@L A AT R
o OHAE Fol gA 4B AMstert.

F5 Ao AL 7|2 R A Qe P2 7] W
2 Ut = B ZYstel 4 75 A9 ol €A
o (A5t 7Y 48 BR R0 H5 BAL o
Folth.
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