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Abstract

Object detection is one of the four core tasks in the field of computer vision, which covers the clas-
sification and localization of objects, and has been studied for nearly two decades. YOLOVS is
widely used in the YOLO series target detection algorithms, which is due to its stable engineering
practice ability and good balance between detection accuracy and speed. However, the detection
accuracy of YOLOvS5 algorithm is still short of the performance of the two-stage target detector.
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Aiming at the problem that the YOLOvVS5 target detection algorithm cannot make full use of feature
information, an improved YOLOV5 target detection model based on feature reconstruction module
(F-YOLOV5) is proposed. The feature reconstruction module transfers feature information from
the w-h plane to the spatial dimension, reducing information loss caused by down sampling and
thereby improving the accuracy of object detection. Experiments show that on PASCAL VOC2007
and VOC2012 data sets, the feature reconstruction module proposed in this paper can effectively
improve the utilization rate of feature information and greatly improve the detection accuracy.
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Figure 1. YOLOV5s network architecture
1. YOLOV5s P48k
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Figure 2. Feature reconstruction module
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Figure 3. F-YOLOV5s network architecture
3. F-YOLOv5s M8 454
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Figure 5. F-YOLOv5s
5. F-YOLOv5s
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Table 1. Performance comparison table
1. MEREXTEER

YOLOV5s (%) YOLOV5s + Focus (%) F-YOLOV5s (%)
mAP@.5 75.6 75.4 78.5
mAP@0.5:0.95 49.2 49.3 52.4
Precision 78.2 78.4 80.7
Recall 68.3 67.9 715
F1-score 73.5 73.1 76.1

SLIGLE SRR, ARSI F-YOLOVSs LAY ARAS T HoAh PR R AL 7E M REFRAn 7 T3 A BTt 24
IOU RE N 0.5 i, ASCIEME T IR 4 YOLOVSs #57f) map - F+ 1 2.9%, ##F YOLOv5s + Focus
FEA ) map b Tt T 3.1%. 24 10U B 7E [X 8] [0.5:0.95] i , A SCHE AR LE 53 4B b A 7 23 4R T T 3.2%.
3.1%. (ERTIIKERE T, ASCHEHAERLLL 5 A AR 2 3T T 2.5%. 2.3%. fEHRIZH, HEf
BORIETE, 73908 2.6%. 3%.
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N T RIS AR SCRE AR, A SOR it 1 9 4 500 AR R HAth B ARSI X 2 34T L, 5 SR
%2 fw, HrAOUE SRR

Hr, DL ResNet-152 24 Backbone [1) PS-DK M4, %Ff# F 7 #H 24 K HiRZ ) Backbone 4%, #1715
H & FRIER R 2] T s, N 79.5%, ARSCHEH MM HER R LR T 1%, (HMSHSHEED,
A KL PS-DK M4 S48 ) 1/9. %FT YOLOVTtiny + CIOU i, ASCATIRHMA S HE BRA
Frsn, Ak v 2 L AR = T 14.06%. £S5 R, Sk s i H ARSI I £ -5 1 AR SR H A I Sk
H bR 2 5F b, RE B A (1 1 g

Table 2. Comparison table of different object detection algorithms
5 2. FRIBRENE AR R

Framework Params (M) Map@.5
Faster R-CNN [14] VGG-16 138 73.2
PS-DK [20] ResNet-152 215 79.5
FCOS (Mutual Guidance) [21] VGG-16 142 79.4
YOLOvTtiny + CIOU [22] YOLOvT7tiny 6.2 64.44
F-YOLOv5s YOLOv5s 25 78.5

5. &5RIE

ASCHEFRHET YOLOVSs, $2 HoRk—Fhesidh i) HARKr 5% F-YOLOVSs, i i o I 199 265 14 HE A 52
P2 HHRRAE AT R IEAT ORI, ARRHIEE EASER, REFHEE SRR . YOLOVSs
Ao ) DX 245 (18] 1 ) 28 AR JlE 29050 4 5 NSRRI B ARG, KO B2 i vy X 2 (R HE A 22 o 50t s T 9 28 AE
PASCAL VOC #i#fa 5 I, BURIEM 2 HAER AT T 2.9%, 53] 1 78.5%, LUK Al EREFR bRt 35
BT BT 8RR AR SR A SO NS, F T R I X 25 Fr 52
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