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Table 1 Quantitative comparison of experimental

results of PASCAL VOC data set

. LN N FPS/
"k G NCES mAP/ % .
BE (Mi-s™")

Faster RCNN VGG16 1 000x600  72.8 8.6
Mask RCNN Resnet50 1 000x600 76. 4 11.5
YOLOv3"® Darknet53 416x416 79.3 39.0
YOLOv5!®!  CSPDarknet53  416x416 80.4  44.3
300%300 77.2  44.3

SSD VGG16
512x512 79. 1 21.5
DSSD Resnet-101 300x300 79.2 11.4
EfficientDet'*  efficientNet 640x640 80.2  40.6
FA-SSD'® VGG16 300%300 78. 1 30.0
MFFAMM ' VGG16 300x300 80.7  35.2
AD-SSDM'"! VGG16 300%300 78.4  54.1
DP-SSDM'? VGG16 300%300 81.2 30.7
300%300 81.9  35.6

Tr-SSD Resnet50
512x512 84.8  21.0

FEE 1 A%, 24 R A URSE  300%300 14 %
BF AR SCIRVE 0 mAP {H 0T DL E] 81. 9% , A6 Il 3k J&F
H35.6 Wi/s, AHBE T P B Bt 535 Faster RCNN |
Mask RCNN, Tr-SSD 8%k mAP 23 4R 7 9.1 {4
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Table 2 Comparison of ablation results

Bk Resnet50 TrFPN  SeSA mAP/ %
77.2
Vv 78.1
SSD Vv 2 79.5
vV Vv 79.3
VvV vV vV 81.9

%3 HRSID HiEEEELWTLE
Table 3 Quantitative experimental comparison of

HRSID data sets

Rk WMARST/BE HTMNE  mAP/%
Faster RCNN 1 000x600 VGG16 80. 8
SSD 300%300 VGG16 80.7
YOLOv5 416x416 CSPDarknet53  83.3
CenterNet'"’ 512x512 Resnet18 84.6
FCOSs'? 800x1 024 Resnet50 84.9
Free_anchor' ' 512x512 Resnet50 86. 4
ASAFE"] 500x500 Resnet50 85. 1
Efficient-YOLO!'®’ 800x800 MobileNetv3  87.0
Tr-SSD 300%x300 Resnet50 87.5

RSOD & 12 £ 4 45 v iy R &8 70 H bn /s H AR,
i 3 % 2R 5 A E RSOD 1E JBHUH 4R rh 15 31 Y S 56 %L
i BEAT RS BE AR SO X T/ AR B 4G 0 fiE
JE i SR X LA R R 4 P
%4 RSOD ERBIEEEEFLIWITLEL
Table 4 Quantitative experimental comparison of

RSOD remote sensing datasets

EFAVE VN S Y

g 2 nl 20, M H 5 SSD 5%, ¥ SSD B
W 25 A Resnet50 Ji mAP {E#2H T 0.9 H M5,
WEBH T Resnet50 B AT B4 YRR AE SR LAE 71 . 4% SSD
BT M4 E BN Resnet50 I T8 h1 TrFPN A5 B LA
PR T 2.3 B, UL T TeFPN 5 H ] DLAR 4 b
VA A BUREAE B PR S R R RS B . IR G
R AL B TR TR AR B T A A B AR AT
J b SSD Bk HE VIR A VE B JIHLHS i SSD ik
mAP {88 T 2.1 A48, A s#ESEaUE,
mAP R G SSD B 77. 2% FTHF] 81. 9% , #2 &
T 47 By EM T B el T 4%l DL Trans-
former AL 25 SSD #HE FPN 4544 1 iR
RA I T HLHX =38 A s
3.4 HRSID #{#EE S RSOD HFEE LT L 47

AR S 3 £ Fh B E HRSID K04 45 45 31 Y
SIS EE HEAT X B 3R AR SRR TN B RS A
WBE T, 28 it 52 30 B0H X L 25 3 an 3 3 B

26 3 n AL, AT H AR i B R EA-
ficient-YOLO, Tr-SSD 8.3k 1 mAP fE#2F- 7 0.5 &
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TR B T R DL A 7 T R AE 8] 9 4 R BE R L A 8K
HOR /N BAR M RRAEAR B, JF B AERRAE Bl & 0 i 72
H, SRR T REAE 8 M5 B A 8GR & T X T/
RN oAUl

ok TR FPS/(Wi-s') mAP/%
Faster RCNN VGG16 18 81.7
SSD VGG16 48 79.2
RSSD VGG16 36 82.9
DSSD Resnet-101 17 84.3
UAV-YOLO'" Darknet53 30 77.8
DC-SPP-YOLO!™  DenseNet 33 76.6
Tr-SSD Resnet50 56 88.4

MFE 4 AT LA Y, Te-SSD 80 1k 70 44 35 46 0 53 i
F1%) ] B G RS 8 3K B 88. 4% , A T Hif B 1, 5 %)
LU AR S LA UK BE AR LG, mAP #2151 4.1 A 41
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PR RRAIE S ARG o 754G 000 A B A A T A Sk A
R HR T, HL 2 SR A B R
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7R, B 7 Ca) AR I IR A B L A A 5
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VN IR A 3 0 AL e B33k 4 o DG R A A
BT YL AE ek IR B TR A R AL A s
3.5 BHREHEEXKERIW

) SO B L T A R A A A LT R
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Figure 7 Heat map comparison of RSOD data sets
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Table 5 Quantitative experimental comparison of

homemade smoking data sets

GRS WARSH/BZ BTME mAP/%
Faster RCNN 1 000x600 VGG16 75.1
SSD 300x300 VGG16 78.5
RSSD 300x300 VGG16 79.9
DSSD 300x300 Resnet-101 80.2
IPG-Net 1 000x600 IPGnet-101 84.9
Tr-SSD 300x300 Resnet50 86.7
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Figure 8 Comparison of qualitative experimental effects
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Small Object Detection Based on Feature Fusion and Mixed Attention

WEI Mingjun'?, WANG Mohan', LIU Yazhi'*, LI Hui'

(1. College of Artificial Intelligence, North China University of Science and Technology, Tangshan 063210, China; 2. Hebei Provincial

Key Laboratory of Industrial Intelligent Perception, North China University of Science and Technology, Tangshan 063210, China)

Abstract : To address to the low feature information, low detection rates, and high false rate and missing rate in the
target detection task, a Tr-SSD algorithm based on multiscale feature fusion and a hybrid attention mechanism was
proposed. Firstly, a Resnet50 residual network was utilized as the backbone network for the SSD algorithm to en-
hance its feature extraction capabilities. Secondly, a hybrid attention mechanism was designed and applied to the
mid-scale feature maps of the network to enhance effective information within the feature maps and establish long-
range dependencies between pieces of information. Finally, a FPN (feature pyramid network ) structure was formed
by using network layers centered around the Transformer instead of the original backbone network in the SSD algo-
rithm, which fused feature information of different scales to more accurately locate small targets. Experimental re-
sults showed that the Tr-SSD algorithm achieved mAP values of 81.9% , 87.5% , and 88. 4% on the PASCAL VOC
dataset, HRSID dataset, and RSOD remote sensing dataset, respectively. This represented an improvement of 4.7
percentage points, 6. 8 percentage points, and 9.2 percentage points compared to the original SSD algorithm. Mo-
reover, the detection speed could meet the requirements for real-time detection.

Keywords: small target detection; attention mechanism; feature fusion; deep learning; real-time detection



