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Small-Target Detection Based on Attention and
Adaptive Feature Fusion Mechanism

REN Keying, CHEN Xiaoyan, MAO Zhen, MIAO Xia, CHEN Zhihui
(College of Electronic Information and Automation, Tianjin University of Science & Technology, Tianjin 300222, China)

Abstract: With the development of UAV, drone-captured scenarios detection has become a hotspot of current research. In
order to effectively solve the problem of missing, wrong and repeated detection caused by drone-captured scenarios
detection, a novel algorithm named ST-YOLOX based on attention and adaptive feature fusion mechanism is proposed in this
article. The algorithm combines the Global Context Module (GC) and Deformable Convolution (DC)in CSPDarknet to en-
hance the ability of backbone networks of extracting the features from small targets. A four-scale adaptive spatial feature
fusion pyramid is used to filter the conflicting information between different scales and improve the expressive accuracy of
the small target features. The loss function and label allocation strategies are applied to increase the target detection accuracy.
Experiments showed that the mean average precision (mAP) of ST-YOLOX in the VisDrone-DET 2019 dataset reached
21.83% , which was 3.78% higher than that of YOLOX-s prototype,2.99% higher than that of PPYOLOE-s, and 6.21%
higher than that of YOLOvVS5-s. Tests on the actual drone-captured scenarios verified that the accuracy of small-scale target
detection was significantly improved.

Key words: drone shooting; one-stage detection algorithm; small target detection; global attention mechanism ;

YOLOX; adaptively spatial feature fusion
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BT M2 G mAP X k—H4 7% 18.98% ,
PTFT 0.49% . %] GD-CSPDarknet ] LA 453
5 /N H AREFAEFERE 1 LA KN H AR JE LR S B
REHET,

1 4 FHETERTT LA R DO RUEE Neck
ZER . NRPAT IR A ), mAP MFCRAY 18.98%
TR 21.04% , $2TH T 2.06% o X FHHBE /N HFRAS

W2 R it — 48T/ BAR R AR, XU EpUE T
7E GD-CSPDarknet H# H AHCHIE A R

£ 1S 5 AT R TEZ BT Y i
it —ER A ASFF ZJaB48hR . WS &, A
I mAP MECER 21.04% $2 5] 21.83% , #27+ T
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Tab.1 Comparison of ablation experimental results
FEEY mAP/%  AP50/%  AP75/%  ARI1/%  AR10/%  ARI100/%

YOLOX-s (baseline) 18.05 31.25 17.7 7.8 22.9 29.5
YOLOX-s + H{tFi 2k pi % 18.49 31.36 19.2 7.9 23.0 30.5
YOLOX-s + BGlFit 2k %L + GD-CSPDarknet 18.98 32.37 19.4 8.2 23.9 31.8
YOLOX-s + Bt iff #6125 PR %X + GD-CSPDarknet + DU Neck 21.04 36.12 21.4 8.9 26.5 37.5
YOLOX-s + Mrifti 5t 25 s % + GD-CSPDarknet + PR Neck + ASFF 21.83 37.32 22.5 9.0 27.3 38.5

Zi FAAR, ST-YOLOX [ YOLO-s ) mAP #27F  #pid.

3.78% , AP50 42Tt 6.07% , AP75 #£7} 4.8% , ARI &
Tt 1.2% , AR10 $£F+ 4.4% , AR100 $#£FF+ 9% .
2.4 FEbIRIE

N T EPE—ERAE ST-YOLOX WG IERE , A%
& YOLOX-s. YOLOV5-s, PPYOLOE-s 5 ST-
YOLOX AR REXS b , &5 R W3 2. M A
RS 640 153 x 640 12K

®2 FEERHRNER

Tab.2 Detection results of different algorithms

i B R mAP/%  AP50/%
YOLOX-s 640 13 x 640 13 % 18.05 31.25
YOLOVS5-s 640 145 x 640 14 % 15.62 28.74

PPYOLOE-s 640 4% x 640 14 % 18.86 3221
ST-YOLOX 640 155 x 640 {5 % 21.83 37.32

% 2 A[%1: ST-YOLOX [ YOLOVS5-s fit) mAP
5 6.21% , AP {5 8.58% ; lt PPYOLOE-s f) mAP &
2.97% , AP 15 5.11% . FI, ST-YOLOX #:i:REAL
F YOLOX-s 25557
25 KiNERATML

BUSEBR G s iiAa G TR 25 S nT Ak, IF 5
FRA LI TXT L, 455K 6 s, K 6 (a) ks
AR R, 8 B R LT HERR VRS 4 A THOR , X%
DX I /N B ARt L, 6 (b) —E 6(d) 439l
YOLOX-s, YOLOvV5-s, PPYOLOE-s H#aij45 5, &
6(a) FA 4 WEEFL 2 Wi—%4 .5 WS
YOLOX-s WA EFES JA T 1 40, 2%
WRR Y 2 40, XL B =Rk s, il 6 (b)
2140 R BEARTE . YOLOVS-s W5 A8k (1 BEFE 42 1 15
AR, SRS A A 3 4, AniE] 6 (c) Hhar £ [ P

(d) PPYOLOE-s
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Fig. 6 Visualization of test results of different models
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