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Underground target reconstruction method based on FCOS algorithm

ZHU Caiqiu, LIU Qinghua, LU Jinchun, JIN Liangnian

(School of Information and Communication, Guilin University of Electronic Technology , Guilin Guangxi 541004, China)

Abstract: Detecting and locating buried objects from complex and diverse Ground Penetrating Radar
(GPR) imaging is labor—intensive and time intensive. A method based on deep learning is proposed. The
quantitative analysis on arbitrary targets is performed by using the Fully Convolutional One-Stage
(FCOS) object detection algorithm. The target area is tracked and labeled with clustering tags. The
precise location of underground target is obtained by the curve fitting. The information is reconstructed
for the buried underground target. The simulation results show that this method avoids the complex
calculation required by the traditional processing algorithm, and can quickly detect the target. The
position and dielectric properties of the target are estimated with high precision, and the positioning
error in depth is below 3 em. Therefore, this method effectively realizes the reconstruction of the
position, depth and size of the target in the underground scene.
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Fig.2 Architecture of FCOS algorithm
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Fig.3 Possible situations of binary images
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Fig.5 Before and after labeling images
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Fig.7 Prediction results of the model
B 7 BRI, S

FCOS Bk Tt T KB AYHIHE S Bus 5, #ALIZE 100 L FE R 22 164 686 ms, £9°4 6.157 h, Xf Lt
Faster-RCNN B39, FEHEZL Il 25 ) 4 55 LAk 68 S 80 B AH A, [FARE U258 100 R AL FERT 70 116 474 ms, # N
19.477 h, W& FCOS LM 3 1% .

M 53 B A A AR AR R PP A BRI G PR RE . AN 8(a) TR o E VI ZRHT ) FCOS A7 7E D SR Bl U, 4 AE 4K
Faster—-RCNN 4 & o J5t 2 i T 2 AR RN ZR AL AN W] o Db s W18 TAoe , H I FE(IR T Faster-RCNN £& 7
1 8(b) AT 41, i P A FCOS 70 fi 1] U 351 K6 /& T Faster—-RCNN BB, BUAREHIE TR, HIEW AfaE, Hh
FCOS HL AR AR Z Ik ik, W4 — DREEAR R 1H B AE 0 IE AR AR AT U 4, FE A 58 4% 20 Bl e fiE
EOL S, SAATEX Mt . TERIRII 25510, FCOS B A1 A5 R LY Faster—-RCNN #5284 2L 47

T Z HAR RS Re 15 2R EE A AL, nE 9 Fron . X 9 b T HAnE . & 10(a) 7 HARLH + 58 B SR
B, R SHEE RN E I T EE A EATE 0.002~1.5 mm 78 B 890 + 0K FURS - 0K, 45 KR 8 in A1 R
T EME B 10(b) R B A AL IR &S A BRE5 B R o DN ol 2o [RGB AL R 28 2 Ab SRR 65 A 3 L BRI A
Mars, HEMG H bR ST S EIOE, RIESE TAEFT T RAFR LAl .



206 KL RE BT E R %2 %

030 1.0 5
—— Fast-RCNN] —— Fast-RCNN
=—==FECOS 0.9 H —— FCOS
0.25 |
2020 i
= -
8
S 0.15 -
2 8
£0.10
Q &
" ' %JW\/\/\/W\
] ] ] ] 1 ] ] ] ] 1 ] fA i fin |
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60 70 80 90 100
epoches epoches
(a) classification loss of each model (b) regression loss of each model

Fig.8 Evaluating the performance of the model
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Fig.12 Result of target reconstruction
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Fig.11 Fitting result of target curve
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Table2 Parameters of reconstructed target

€ x/m d/m r/m
target
I/r al I/r ult Vnh Vrcal Vrc ult I/ah I/r al I/r ult Vnh Vrcal Vrc ult I/ah
1 25 25 0 0.8 0.8 0 0.39 0.40 0.01 0.08 0.08 0
2 35 35 0 1.5 1.5 0 0.41 0.44 0.03 0.06 0.06 0
3 50 50 0 2.5 2.5 0 0.27 0.25 0.02 0.10 0.11 0.01
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