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multi-directional feature pyramid
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Abstract: Aiming at the problems that the deep features are difficult to extract, the real-time perform-
ance cannot meet the requirements, and the bounding box positioning is not accurate enough of the re-

al-time object detection algorithm Tiny YOLOv3, an improved lightweight detection model MTYOLO
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(MdFPN Tiny YOLOv3) is proposed. The model constructs multi-directional feature pyramid network
(MdFPN) instead of simple concatenation to adequately complete the extraction and fusion of multi-
layer semantic information. The deep separable convolution is used instead of standard convolution to
effectively reduce the complexity of the network and improve the real-time performance of detection.
The complete IOU loss (CIOU loss) is used instead of MSE as the regression loss function, which
greatly improves the regression accuracy of bounding box. The results which MTYOLO is tested on
PASCAL VOC and COCO datasets show that the mAP of the improved model can reach 78.7% and

the detection speed can reach 205 fps.

Key words: object detection; feature pyramid network; deep separable convolution; complete
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Fig.5 Regression error and classification accuracy
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HEL A mAP/ % BB R F /M FLOPs/billion FPS(GPU/CPU)

Tiny YOLOv3 58.4/33.1 33.4 5.52 160/24.6

Improved algorithm of Tiny YOLOv3[13] 68.1/— 35.1 5.73 —/32.7
Tinier-YOLO[14] 65.7/34.0 8.9 2.563 —/25.1

YOLO Nano[ 15] 69.1/— 4.0 4.57 —/26.9
YOLOv4[16] —/62.8 244 — 96/ —

YOLOv5 —/50.1 27 — 167/—

MTYOLO 83.7/60.6 28.32 5.21 201/33.5
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