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Improved YOLO Algorithm via Fusing Multilayer Features
and Contextual Information

FEI Xuan, GUO Meng-yao, WU Si-jia, JIN Zi-long, MA Ding
(School of Artificial Intelligence and Big Data, Henan University of Technology, Zhengzhou 450001, China)

[ Abstract] Remote sensing image target detection is one of great significance in military reconnaissance, intelligent agriculture and
other fields, especially small target detection has been gaining continuous attention. However, small targets in remote sensing images face
the problems of insufficient feature information and difficult detection, which have become the biggest obstacles plaguing the development
of remote sensing applications. To this end, the you only look once-hybrid feature( YOLO-HF) algorithm was proposed, which introduced
a hybrid attention mechanism of channel attention and self-attention in the network of the traditional YOLOv7 model to extract the target’s
deep features, and fused the shallow and deep features to increase the richness of local features; to further strengthen the attention to the
global information, a global attention mechanism was added for the small-scale targets after the extraction of the features, to achieve the
ability of global feature expression enhancement. In order to avoid that the traditional loss function was sensitive to the positional deviation
of small targets, which leaded to poor detection effect, a new metric was selected for use, which was embedded into the computation of
the bounding box loss function, so as to accelerated the convergence of the loss function and realized the enhancement of the detection
accuracy of small targets. The experimental results show that compared with the traditional YOLOv7 algorithm, the proposed algorithm
shows superiority on both RSOD and NWPU VHR-10 datasets, and in particular, the mean average accuracy on RSOD dataset is improved
by 2.90% , and the mean average accuracy on NWPU VHR-10 dataset realizes an improvement of 3. 61% .

[ Keywords] remote sensing images; target detection; YOLOv7 ; multilayer features; attention mechanism
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Fig. 4 ThemAP variation graph of RSOD dataset
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Table 1 Comparison results of some two-stage and

single-stage algorithms trained on the RSOD dataset
A RIS DR 2/ %

Bk — — — AP/ %
S L

Faster R-CNN  63. 51 99. 26 88.59 92. 82 86. 04
SSD 45.42 99. 06 68.73 91.95 76.29

YOLOv5 93.09  98.15 66.26  98.15 88.70
YOLOvV7 92.29  98.77  75.17  96.88 90. 78
AR 93.59 99. 10 85. 15 96. 87 93.68

x2 EMOAHERMANKREEZE NWPU VHR
HIEE LN EER
Table 2 Comparison results of some two-stage and single-
stage algorithms algorithms trained on NWPU VHR dataset
AR EIER NS F %
Faster R-CNN  SSD YOLOvS  YOLOv? ZARLEP:

L 98.31 90. 40 99. 95 100. 00 99.99
IR 99. 55 89.90  97.73 98.07 98. 10
Wk 95.35 80.60  83.18 89. 86 96. 05

2

Wi 86. 33 76.70  75.61 71.29 87. 89
Efzs 7] 99. 95 98.31  100. 00 99. 19 99.90
W 95.75 73.40  89.39 91.35 94.56
A 75. 60 60.90  82.44 86. 64 85. 40
itk 65. 60 79.80  98.33 93. 12 95. 51

Bk 81. 80 82. 60 91.11 90. 48 93. 89
K] 47.82 52.10  73.93 81.97 86. 83
mAP 84. 61 78.40  89.17 90. 20 93. 81

7E Faster R-CNN St L3274 17 9. 2% ; #H kb SSD 5.
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W EEERY MR S O MBRYg SRR AP (HIRTH
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P4 v 1y G R B8], 6 PR 4 55 5 2 80— By L it
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K5 (a) i, %t Hop A TCAIL B S A A I
ASCE BRI EE RANE 5 (b) Bias, Al LAE 78
R OL T, YOLOVT B3k B T Ik CAILSE 4]
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T SR T B A A ER 43 R A A AL, 7E RSOD
ARG LT TIHR SR, JFFE 3R 3 R SE e 2
B BUIMA HAT_Block FiH iy mAP 3 K %2
7SS (B EE B BT B L Y, ZEALAS I HAT_Block
BT, mAP 3255 T 0. 31% ; LR GAM_Au ik
i, mAP {3 T 0. 36% ; A& Bk & 4 72U, mAP
T, A 0.2% , MR =R AR T & R
& KT 4E HARES R YOLOVT 42T 1 2. 9% L 1F
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Table 3 Results of ablation experiment

Rk Bk 1 Btk 2 Bt 3 mAP/%
YOLOvV7 90. 78
HAT_Block Vv 91.07
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