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Object Detection Based on Deep Feature Enhancement and Path Aggregation Optimization

WANG Xiaofeng, HUANG Junjun, TAN Wenya and SHEN Zixuan

School of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430070, China

Hubei Provincial Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan University of Science and Tech-
nology, Wuhan 430070, China

Abstract In deep networks, the feature information of the input data is gradually abstracted and compressed during the feed-for-
ward process.resulting in some of the feature information that is crucial for object detection being diluted or lost. Based on
YOLOvlln,an object detection method with deep feature enhancement and path aggregation optimization is proposed. Firstly,
GLFEM is designed to combine the local features of the feature map with the global features to strengthen the expression ability
of the deep network features. Then, AFEM is designed to dynamically enhance the feature extraction ability of the deep network
according to the reliability of the features. Finally,the path aggregation feature pyramid network is optimized to fuse the feature
information between different levels and reduce the semantic information difference between levels. Experimental results on three
public datasets, VisDrone, NWPU VHR-10,and TinyPerson,show that the average detection accuracy of the proposed method is
improved compared to current state-of-the-art object detectors. Experiments on the self-built dataset AirportTiny also show the
proposed method achieves good performance,it has good generalisation ability.

Keywords Object detection, Deep network,Path aggregation,Feature information, Feature enhancement
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TR S Fi A%, BRI /MU 5.9 X10°, 5 H Al YOLO &
B2 EAR /N,

£ NWPU VHR-10 4% % I, YOLO-FEPA ) mAP50
k%) 88. 7% .43 9 It Faster-RCNN, YOLOvl11n, SSD # RT-
DETR#£H T 1.2 MES S 7.6 N E DM .17.9 A E 24

12,5 A 4 2 HERE B BB IA 3 111 FPS,

7E TinyPerson $(#& 4 -, YOLO-FEPA [F] £t % # AL &,
mAP50 A3 T YOLOvIIn £ F+ T 4.4 DA 4 A8, HAEHK B
TR RE T A 3 Rk TR T AR R TR A A% B RRLAE (1
HoE AR ¥ Re AR RE AR e R RE .

#1 XL
Table 1 Results of comparative experiments
B E A mAP50/ % mAP50-95/% Params FLOPs FPS Size
YOLOvl1n 33.7 19.6 2.6X106 6.5X10° 221 5.20X10°
YOLOv10n 33.3 19.5 2.7x108 8.1x107 162 5.50> 108
YOLOv8n 33.2 19.5 3.1x108 8.2X109 153 6.20X10°
VisDrone SSD-300 23.5 11.8 24,3%10° 88.1x10? 41 4.62x107
Faster-RCNN 36.1 21.5 40.8X106 205.7 X109 19 1.08%108
RT-DETR-R18 36.5 21.8 20,1106 58.3X10° 106 3.98X107
KX 5% 36.7 21.9 2.8%108 7.5%107 181 5.90X 108
Faster-RCNN 77.5 55.7 40.8X106 205.7 X109 15 1.08%108
SSD-300 70.8 50. 1 24, 3X106 88.1x10Y 33 4.62x107
NWPU VHR-10 RT-DETR-R18 76. 2 54.6 20.1X 108 58.3%107 85 3.98%107
YOLOvl1n 81.1 58.5 2.6X10° 6.5%10° 179 5.20%X10°
R XK & 88.7 60. 1 2.8X106 7.5%109 111 5.90X 108
Faster-RCNN 23.2 6.9 40, 8 108 205.7 X107 25 1.08% 108
SSD-300 11.4 2.6 24.3X10° 88.1x107 39 4.62x107
TinyPerson RT-DETR-R18 23.8 7.1 20.1X106 58.3X10° 93 3.98x107
YOLOvIln 24.1 7.6 2.6X106 6.5%10° 183 5.20X10°
KX H % 28.5 9.2 2.8X108 7.5X109 125 5.90%10°
4.3 HERSLIG 3 AW LAY U Rl I A
4.3.1 A BB IR AT R IR AL M 60 N Ak L Table 3 Results of ablation experiments with dense connections
3 AT iy v AR TR G S A . mechanisms
J T HEIGE GLFEM 55 3 X 2 i 5 R B 52 W), 43 I 7E Vis-
¥ . . “ VS mAP50/ % mAP50-95/ % Params FLOPs FPS
Drone 4 4 b X I J5) 5 43 32 F 4 Ja) 43 32 04T T Rl SE 5, -
33.7 19.6 2.59x10%  6.5x10% 221
iRk 2 By, DenseNet ’ 7
With o 1 ho 19.9 2.55X105  6.4X10° 228
# 2 GLFEM fy i 9 40 25 5t DenseNet "~ ' - 3
Table 2 Results of the GLFEM ablation experiments X . N
4 EATS Ak W Y I RO g A R
= I~ 0, Q5 /0, . " . ” . . . .
& mAP50/% mAP50-95/%  Params FLOPs FPS Table 4 Results of ablation experiments with early stopping strategy
YOLOvl1n 33.7 19.6 2.59X105  6.5x10° 221 —
E 50/ Y AP50-95/ arams FLOPs FPS
FE TS 33.4(40.3) 19.3 245X 105 6.3X10° 239 B 15 mAP50/% mAP50-95/% Params ( \9
AFaE 33.6(¥0.1) 19.5 2.57X10% 6.5x10° 223 K=0.0 32.7 19.0 2.34X10°¢ 6. 110 259
B A %+ (v1Lo (40.4X10%)
o ”/ 34.3(40.6) 20.0 2.63X108  6.7x10% 211 32.9 ) 6.2%10°
NSRS K=0.3 19.1 2.41X108 248
(v0.8) (y0.3%X10%)
3 5 - B 5 33.2 ) 6.3x10Y
ST 25 SR, Bl (5 R 4y 2 Bk 4 SR Ay SR AR Y K=0.5 0 19.3 2A6X100 e
.o . C
WK B 147 BT F W, Hovb A R 38 4% i mAP50 T 4 O G0
K=0.7 19.5 2.52X 10 38
- 9
B 0.3 AT 43 24 AR 42 J5) 4% 32 . mAP50 TR 0.1 A (vo.2 (¥0.2X10%)
" — Ay S N 33.7 - . 6.4x107
S BLU A RARAE 2 FARKG W R A AR L. MAE R koo 00 e asmaes (PEUT 0%
SRR AR N A SR 4 SO, BT mAPS0 A & T A K=1.0 33.7 19.6 2.59%105  6.5%109 221
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PEATHRAE SR B . W AR W K 4T T ahsc s . 45 1w
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&3 MY S 06 B R WY, 0 P % LW S, B ALY
mAP50 {EH#F 0. 4 AN H 43 o, U B8 25 7% 45 AL ) 7T LA B 58
KERESRIAE . % 4 M5 8RR AFEM #
P (K=0.0), B () mAP50 {4 SR AL (K=1. Ok 1
ANE SRR RS KBRS, 2% K=0.9
B BN ) mAPS0 B 5 SRS R AR R, O Bt S PR T
0.1X10° FLOPs, XFEHW X F —#4r O 2 48 B H & 4 £ 1F
B IE L 36 24 45 1 i3 S SRR A T A T, BT DA AE — 8 R b Uk
T RIU 4 HASSE kS .
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mAP50 2T+ T 0.8 A H 43 5 P4 B P5 @l A )5 - mAP50 42 T+
T0.6 AN E A R A B AL A TR SR O B X
P3 il P5 BEAT R4 )5 - mAPS0 32 FF 1.4 AN 43 5 IF HAE 5
T H 9 mAP50-95 5 AR Lt A7 $ Fh . (0 A5 7R ) Hfi 3 ke 3
BT R, U455 3500, BEFN AR 9% 4 /N )2 vk il 1938 A5
B2 5 4R T H A A RS

F 5 PR TRGFRAE 4 T IO 4% 14 T O R 2 SR
Table 5 Results of ablation experiments on path aggregation

feature pyramid networks

VS mAP50/% mAP50-95/%  Params FLOPs FPS
Without BFFN 33.7 19.6 2.59X10°  6.5X10° 221
P3+P4 34.5(40.8) 20. 1 2.71x10%  6.6x107 215
P4+P5 34.3C40.6) 20.0 2.73X10%  6.6x10% 210
P3+P5 35.1(4 1.4 20.5 2.79X10%  6.9x10% 201

4.3.4 FIRERGHEBRER

HJ TP GLFEM, AFEM DL K& OPAFPN X 3 4~ itk
Xof A T A A P B 09 Al N7 K2R A R I, 3 X O A 8 B AE
VisDrone $( 4l 55 L 47 T IH Ml SC 56, S 45 R 0 & 6
R

6 PR RTH Y I S g A

Table 6 Results of ablation experiments with the proposed modules
S B 4 CFEM AFEM OPAFPN  mAP50/% mAP50-95/% Params FLOPs FPS
1 X X X 33.7 19.6 2,59 108 6.5x107 221
2 N X X 34.3 20.0 2.63X10°8 6.7x10° 211
3 X NG X 34.1 19.9 2.53X10° 6.4X10° 236
4 X X N 36.1 21.5 2.85X108 7.5X10° 179
5 NG Nj X 34.5 20. 2 2.57X10° 6.5x107 219
6 N X N 36.5 21.8 2.89 X108 7.9%109 168
7 X N N 36. 4 21.6 2.79%10° 7.3%10° 192
8 N/ N N 36.7 21.9 2.83%10° 7.5%10° 181

1 JE B R 4 0 GLFEM., AFEM (K = 0. 9) I
OPAFPN J5 . #5 ff) mAP50 {H 1l mAP50-95 {H#4 i 2 71 .
ELfASR UG 7 i OPAFPN J5 , 4 78 ( mAP50 {8 $2 F+ 1 5
KLIKF] 36. 1% ; A GLFEM J& , 46 K A — & 1032 T
5l AFEM J& , #5608 B 32 T B 20 5 2 o A P 4 v . s
KX LB BT A AT I AR BN A R BT
mAPS50 % Bl A R A B afE— B 4R T SR =3 2 R A
RAF. dRJE o 3 MBI AR5 AL B AL, SCG R, 45
M mAP50 ik 5 36. 7% , 0 S i M5 Wb prm .
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ST R . FIALI A0 L AL 4T Intel 525 40 #1248 DA
B Intel S2 TR BERE B D455, & AT RO T 3RS B 00 IR
H5EEGER.

ASCH R AirportTiny B £ &I T R 4 AR 4
T CRHURA 5 28 HARbR%s o T AL Xl W sh 5
wAA, BABIREAE 837 kB H L Ak E R #R LT AT
207 16 1 I Labelimg 504 T B 2647 T8 85 09 F 30 b 12, 5
AT 8RS AHEaf e, T A FEEE AT AR 2 5 T Al
¥ BHE 42 3 R I 2 4 (600 3K IR 4E (150 k) F G HIF 48
(87 58,

AL H RT-DETR Ml YOLOv11n % 46 3k 85 B 7 Air-
portTiny FHa4E 1 #E 4T T XI5 . 0 T o SC 085 R A
ETES M, BT B SR S 808 5 5050 3 B AR

Fr— 20,0808 T A% B SE 0 B E L SEER A RN ER 7 T,
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Table 7 Results of comparison experiments with self-built dataset
HA mAP50/% mAP50-95/%  Params FLOPs FPS
YOLOvlln 57.4 41.5 2.6X10°  6.500X10° 208
RT-DETR-R18 53.3 38.6 2.01X107 5.830x101% 158
Faster-RCNN 35.1 20.9 4.08%107 2.057x10!! 39
KUK % 65.6 46.6 2.8X10%  7.500x10% 171

MF 7 Al LLE H . YOLO-FEPA #5175 56 8 1 A5 45 b7
R T —E ., YOLO-FEPA 7E mAP50 #8 4% b A0 %
T YOLOvlln mili 8.2 A 40 s, 5 HAW IR F A EAM L, [H
PRI B KR R T 4 A B R4 1 72 1k g
TENLIG X B E 220 G sch  RAR IR R T R S BU™ )R 2R,
15 1 mAP B R % B AR 0 15 TR o BE 0 A A0 iR
R A B R A
4.5 FRLHERDW
4.5.1 # A A

F T HAFHLIGE YOLO-FEPA F 45 10F 3 58 5508 B 4 1F
LUy BB 47 AT AR, an &l 6 BT s . T A Ak 3R ) B
i 225 T WB 2 DX EL A 1R A ST L 3 R O R T LA R b
T firp A8 Kok A i) DX P O TR R

P 6Ca) 2 fi A G, B 6 (b T 2 ik v 485 280 A i 1y 8 0
FET A H AT LR ) v A R X R AT T A O T A N
KAEAMBETEHRFE, MHILZT, B 6(02MT YOLO-
FEPA A mg# 1 B, & SR, BT 42 55 1 48 T 7 455 0 s 4
FEE R R B bR R AR 00 T 1 L DR Ah, S5 MERL R
YOLO-FEPA 78— BB FREAR T BUR T AR e iy T4k .
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Fig. 6 Comparison of visual heat maps
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Fig. 7 Confusion matrix
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Fig. 8 Detection results on TinyPerson dataset
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Fig. 9 Detection results on NWPU VHR-10 dataset
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