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detection network with high precision
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Abstract: As a lightweight network structure, YOLOX-Nano has the advantage of fast running speed. However, the
model still has the defects of weak feature extraction ability and insufficient detection accuracy in practical application.
Therefore, an efficient object detection network Rapider-YOLOX which comprehensively balanced the detection speed
and detection accuracy was proposed. Firstly, the highly efficient bottleneck module was designed to improve the feature
extraction capability of depthwise convolutional blocks in the original YOLOX-Nano model. Secondly, the soft-SPP
module was designed to avoid the loss of some important information in the original SPP module and improve the ability
of multi-scale information fusion and information exchange between channels further. Finally, CloU was introduced to
improve the position accuracy of the prediction box by using the center distance and aspect ratio between the prediction
box and the real box. The experimental results on PASCAL VOC2007 dataset showed that the mAP of Rapider-YOLOX
model reached 77.92%, which was 3.79% higher than the original YOLOX-Nano. In addition, on GT1030 with only 384
CUDA cores, the FPS of the proposed method could reach 45.40. The FPS could also reach 23.94 on the CPU, which
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further improved detection accuracy and generalization performance of the network while ensuring the lightweight cha-

racteristics of the network.

Key words: object detection, efficient convolutional neural network, YOLOX-Nano, lightweight, high precision
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ME 10 (b) 46 T A kil 5 R vT LUE AL
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FVEE TR EARAE, B T R E B ARG
W BT BT R, 558 T 4R3O 516
YOLOX-Nano 2%t A7 78 1145 B 2 2Rk SRS HY
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JRE

YOLOX-Nano

Rapider-YOLOX
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A HIAR T vOC2007 (B AS 35 1S T
(precision, P). A[E3K (recall, R). “FJF5E (mean
average precision, mAP) DL F11H, PEAfEHRIL
* 2. MK 2 WA, BRT sofa K LW AP 1H,

Rapider-YOLOX 7E VOC 2007 $4f 4E i HAh 25 51 1
() AP {H 35T YOLOX-Nano, H M 2 #1241 %
TiFekr oK%, Rapider-YOLOX 7£ 46 K 240255 i
F e bR AR FBE MR F YOLOX-Nano. BIf#E7E
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E) Rapider-YOLOX 5 YOLOX-Nano BJIFE {545
YOLOX-Nano Rapider-YOLOX
5
P R AP F1 P R AP F1
aeroplane 87.27% 80.00% 87.64% 0.83 89.38% 84.17% 90.78% 0.87
bicycle 90.68% 75.35% 82.65% 0.82 90.16% 77.46% 84.68% 0.83
bird 88.98% 64.02% 76.07% 0.74 89.76% 69.51% 80.47% 0.78
boat 77.27% 46.79% 61.75% 0.58 77.03% 52.29% 67.75% 0.62
bottle 77.14% 36.82% 49.12% 0.50 80.51% 43.18% 57.99% 0.56
bus 84.55% 75.00% 86.30% 0.79 89.29% 80.65% 89.08% 0.85
car 87.82% 69.98% 81.84% 0.78 88.40% 72.23% 84.06% 0.80
cat 81.25% 78.14% 81.56% 0.80 85.12% 78.14% 85.99% 0.81
chair 77.73% 39.90% 55.84% 0.53 82.74% 45.50% 61.47% 0.59
cow 71.64% 60.76% 63.15% 0.66 77.27% 64.56% 78.41% 0.70
dining table 73.97% 50.00% 56.98% 0.60 73.24% 48.15% 57.40% 0.58
dog 86.45% 63.36% 79.36% 0.73 86.49% 65.75% 82.25% 0.75
horse 88.50% 75.19% 87.64% 0.81 90.68% 80.45% 89.13% 0.85
motorbike 92.71% 68.99% 79.32% 0.79 93.88% 71.32% 84.15% 0.81
person 90.56% 72.53% 84.47% 0.81 91.08% 74.84% 86.16% 0.82
pottedplant 75.26% 39.89% 51.51% 0.52 86.67% 42.62% 58.74% 0.57
sheep 81.65% 70.49% 83.46% 0.76 86.71% 74.86% 85.97% 0.80
sofa 81.48% 64.71% 72.63% 0.72 73.68% 54.90% 69.85% 0.63
train 8627% 72.73% 80.81% 0.79 91.00% 75.21% 82.60% 0.82
tvmonitor 86.79% 69.17% 80.52% 0.77 82.50% 74.44% 81.46% 0.78
Rapider-YOLOX f£4:[fi#£F} YOLOX-Nano %3 TR R T E S
Ko B R, (R B T I 4 R B i R A P — T
., NTEEDH Rapider-YOLOX W4 7EM% it 1100 ; -
PR st T RITERE, 1E VOC2007 s £ bx T X s S ssa
tt 7 Rapider-YOLOX 5 47T i & HAL ALK
Tesla V100 16 5120
PEfE. GT1030. Titan X J% Tesla V100 iX 3 Fh2& #
GPU M EESHW% 3, AR H 384 4~ CUDA Rapider-YOLOX 547554 10 # F i8R N
01 2 GB WAEARM GT1030, i B IEE MRS ERIE LILAE vOC2007 Hdls 4 b 1
T 5 SF W Ff GPU. SERNAR 40 HIER 4 W1, MRSIUIE BE R A FER
=4 Rapider-YOLOX 5 ¥4I+ Rz 2 MR ER
P 4 4 B2 4 8/MB F578 52 2% £ /BFLOPS AT A HEFLHT 4E/ms HEP RS
Tiny YOLOv2 60.5 6.97 57.1% 45.26 Tesla V100
Tiny YOLOV3 33.4 5.47 58.4% 3430 Tesla V100
MobileNet-SSDP”! 222 429 72.7% — —
Tinier-YOLO 8.9 2.56 65.7% 39.84 Titan X
YOLO-Nano!*” 4.0 4.51 69.1% 29.74 Tesla V100
YOLOV5n 1.9 2.09 73.9% 27.62 GT1030
PP-PicoDet-S"! 0.99 1.24 77.7% — GT1030
PPYOLO-Tiny"** 420 4.95 71.3% 29.93 GT1030
PP-YOLOE-S™*! 7.90 7.56 78.4% 42.76 GT1030
YOLOX-Nano 0.91 1.07 74.1% 21.85 GT1030

Rapider-YOLOX 0.96 1.10 77.9% 22.02 GT1030
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FPS) tHAEIA%E] 45.41. tHULAT W, BT 00 Al 55
() 7 SRAC H B AR IR A AS 2 157, Rapider-YOLOX ¥4
25 CE ARG WU 52 AN R RS FE 1 M e ST R A
IR . IXHFE, BIAEAE AR N 203 2 AR A A 1)
BN 5, Rapider-YOLOX 1] PLSE b 5
AT 55 o

N T 56 AE AR SOBE R AR T B IR B N = A
2 ERS AT, I ZRIF AR R AR AT 7% 22X
B H CPU HIENL FEAT 5L, (R AfC B AH [F Al
Aff) CPU ¥4 . Rapider-YOLOX 7E CPU _L (46
W W2 5, Rapider-YOLOX 7EH. CPU ¥R R
FPS {HIA%] T 23.94, H AL T Tiny YOLOV2 7
Tesla V100 L/ RGMI# . 7 M., Rapider-YOLOX
RUAELEIR A GPU THE BRI B CPU M58 Nt m] LA
T R BIC SE 1 F5 3K

&5 Rapider-YOLOX 7£ CPU LR MIRE

] £ AT HEFLAE IR /ms FPS HERLAE 20 5
Rapider-YOLOX 41.80 23.94 i5-12600KF
Tiny YOLOV2 45.26 22.09 Tesla V100
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AT Y Rl SR BOAIE A S X 2 AR A MR B
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B MR TR KB I FE 2R 2% 1, LIRIEIZ %
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NIHIEER, PREFINZRRIEAAE, 14 GT1030,
T A 45 SR LR 6, A SCHE HA A R 4% e 1A
ERAE B TF N ARG B A B AR . R A
ASCHEH Y HEB #1 SSPP #Edk 5, AHEE T8 Jc it
1] YOLOX-Nano M %%, A< SCHLRY I PERE W] BL 23 Jil
FETHZ 1.99%F1 1.41%, T 5] N\ CloU tHA] LLf# K|
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o) 2 A5 Y mAP FPS
YOLOX-Nano 74.13% 45.76
YOLOX-Nano +HEB 76.12% 45.16
YOLOX-Nano +SSPP 75.54% 45.96
YOLOX-Nano +CloU 75.12% —
Papider-YOLOX 77.92% 45.40
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