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Research on the autonomous detection system for railway
intrusion obstacles based on LAM-Net

Ye Tao, Zhao Zongyang, Zheng Zhikang

(School of Mechanical Electronic & Information Engineering, China University of Mining & Technology, Beijing 100083, China)

Abstract: The railway obstacles in front of the train have great threat to traffic safety. The existing railway object detection algorithms are
difficult to balance the detection accuracy and speed, which are susceptible to complex environment and difficult to deploy in embedded
equipment. To address these issues, the lightweight and adaptive multiscale convolutional neural network is proposed in this article. The
model simplifies the computation of redundant feature maps in feature extraction process by means of feature map linear transformation,
and the adaptive multi-scale feature fusion is used to optimize the ability and further improve the accuracy of foreign obstacles detection.
In addition, combined with NVIDIA Jetson TX2, an autonomous intrusion detection system for railway traffic scenes is developed.
Experimental results show that the proposed model performs a great compromise between detection speed and accuracy. The detection
speed of LAM-NET on the NVIDIA GeForce GTX1080Ti is 297 FPS, and the detection accuracy is 92. 96% (7. 72% higher than that of
YOLOv4-tiny) , which can well realize the high precision, real-time and high robustness detection for railway obstacles.
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Y5 TR/ (AR R A AS [R50 H AR A I RUR
AR SCHE RN TE 22 AR A K T 1 A N 2 R B A
R 75 1% ( LAM-Net ) 5 & #5085 B2 19 H br A D J7 7%
( YOLOv4, YOLOv5x. DSSD. DFF-Net* | ThunderNet-
YOLOV3 %) , LA B St H AR )7 % ( YOLOXs™' |
YOLOv4-tiny ,YOLOvSs ,FR-Net-320"*" | LFD-Net' " %) 43
TSR, SRR A R R R TR A2

1 HYSLERZE R E W] LAM-Net 55 T 92. 96% B 5
WA BE A1 297 FPS (4RI 5K B, X 4 28 5 AR S99
RTINS e ves , ELAGE I 8 B S e L AR AR | BB A S 3
TESEPRITE S 5 oRS o = O AR U B S . AL
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Table 1 Robust and high precision model results comparison

eS| SSD DSSD YOLOV3 YOLOv4 YOLOv5x DFF-Net FhunderNet Faster- LAM-Net
YOLOV3 RCNN
%% 90. 20 91.85 92.28 94. 01 95. 26 89. 96 87.01 90. 43 93.22
N/ % 87.08 80. 42 86. 45 94. 41 94.15 90. 77 79.30 79.37 92.05
HATHE % 90. 13 92.25 95.07 98. 56 98. 95 90. 79 95. 62 90. 24 95.58
ZERE B/ % 86. 11 87.54 95. 04 95. 90 95.56 90. 08 83.50 87. 19 92.43
FEEE/ % 90.79 93. 82 93. 64 97. 40 97. 67 90. 44 93. 69 90. 55 94. 49
LANR/% 86. 99 88.24 86. 95 93.18 93.61 90. 83 86.53 70. 62 93.53
BT/ % 83. 68 85.39 86. 17 86. 50 87.91 87.99 78. 84 34.17 89.42
PHIRERE/ % 87.85 89.93 90. 08 94.28 94.73 90. 12 86. 35 71.57 92.96
o 342/ FPS 47 13 67 55 42 54 20 10 297

B FL/N H AR PERE 22, RBETE SE PRl 7 5 N A
WER I /N AR S 9, SSD ARG A Bt H 2 /I H AR iR
SIRE S AH X LAM-Net 1/ 48 K 2285, DSSD #f kb F
SSD HEAL [ /N B AR B BE S 45 2] T 4R T (5% 4R AR
T2 0 RS B 45 . LAM-Net 23 51 5. 29% F1 4. 03% H.
SR 22 1 H, LAM-Net (9 A8 00K B2 Ak B B8 4
DFF-Net,YOLOv3 F1 ThunderNet-YOLOv3, HE % 7£ & 2%
22745 () BILTE R IE v S BB R R oA R RO E R A, B
SR YOLOv4 F1 YOLOvSx B A I A% B2 4 T LAM-Net, {H

LAM-Net 5 - 4b P £l 1 K6 00 8 38 FORS B, 76 CRTEAS HE RS
DU 55 9 14 [m] B AG: 0 B BE 2 YOLOv4 1 YOLOvSx (1
SEA A, BRIz, LAM-Net 3L T E A9/ H A5
K 68 7, X 4R F 28 09 A8 UK BE 7T 35 89. 42% , %
YOLOv4 fil YOLOvSx Y AP {H 4 5 #2 7+ T 2.92% FiI
1.51% ., &2, LAM-Net 15 45 (% 7 47 1 A I 2 B FRS
B, R X1 2 42 0 A1 B T3 9 28/ H AR n] DL SE
T = 01 S IS ARG 0, B A A S B L3 3 B 1 S B
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Table 2 Real-time lightweight model results

251 YOLOv3-ting ~ YOLOXs  YOLOv4-tiny  YOLOvSs Mobilenety2- FR-Net FB-Net LFD-Net LAM-Net
YOLOv3
B4/ % 84. 08 91.82 88.97 92,24 87.93 90. 50 90. 62 90. 92 93.22
N/ % 70. 80 90. 35 72.17 85.82 81.03 88. 14 82.94 80. 66 92.05
EHATHE/ % 95.46 92. 09 91. 69 95.13 96. 42 90. 32 90. 57 97. 04 95. 58
FEREAE /% 85. 86 91.26 89. 34 89. 02 85.12 87.63 88.25 91.31 92.43
FiE A% 90. 58 96. 58 88.90 95. 54 93. 42 90. 55 90. 53 96. 26 94. 49
LA/ % 88.30 92.72 88.27 88.98 79. 14 86. 67 87.85 87.58 93.53
WFr% 76. 60 89. 04 77.37 77. 46 56.75 81.33 82. 60 88.91 89. 42
SRS/ % 84.52 91.98 85.24 89. 88 82.83 87.88 87.62 90.24 92.96
o 342/ FPS 312 113 330 102 75 72. 1 82 209 297

%2 MG 45 R LAM-Net R &7 1145 1 81
SR 00 S E RORS BE A R TE ST B RS Y R R LA
92. 96% (14T 25 A6 I A B A S ) 4 o A5 A v IR SR 1
LAM-Net B9 A 9 X5 B M & B % 6 T YOLOvSs,
Mobilenetv2-YOLOv3 . FR-Net F1 FB-Net , % 75 38 3 55
RS M S RO R S H AR, SR YOLOV3-tiny Al
YOLOv4-tiny FAG I 38 B 5 PR (E 2 B A7) 608 G 00 A ot
%, JEHE XS F /N H bR A RS B2 2% . LAM-Net X /)N
Hbr 2 4 08 AT 0 ke W0OKS BE 43 00 o 93.53% Fi
89.42% , k. YOLOv3-tiny = I 9.82% F1 8.32%, Lt
YOLOv4-tiny 25 1 9. 06% 1 8. 25% , BEMSTE 52 2R BB 1
B e GO R D 54 H bR, 1 B, LAM-Net B
AN AT A HFRIFBUS T 92. 05% WS 2R | it
K HRERIE TR H bR, (B AE7E KT AUE R BB A
ZSIR O BARBUN R AN A M R G AR ok THE
KB, S50 25 5 3% U H A RS 30 AF I 2 H Aw b i Rzl
K 5 LAM-Net 2205% K, YOLOXs Fll LFD-Net 435 7£
AHEEHE A EATHE LS T R g 5 R A R 2
S A BE 5 LAM-Net 458 £ 75 225, R HZE ST F/)
HFRERBIAE 1 22 5%k, LAM-Net 75 2% H 5 B9 6
DS B2 AR B SRe p, JCHE /Iy B AR TR BE 7 5 A A Y
PEFHE R R TS 5 T AT DL e 58 i B bR R 3 fE
1, W] TS bRk T B SERE AR SR

(& 12 JEIR T AR SCHIT 8 1 18 5 12k 5 AN [l A5 78 Jofr A )
SO NARAE I SF RiUE IR 4o B BeraB iy €1 S b | E N
K, 4740 R — SR 37 S A IR, B — 51
PR — SRR A 5 2R, e 2 4 B —FIR IRl FR-
Net #5285 5 | FB-Net £l 25 5 | YOLOv4-tiny 46 I 45 5
DL AR SC T Y LAM-Net £ 45 5 0 Horp 45 1 17
TN EF A2 SR IE AT o B vz B Bh A H AR A AR
UG b ) B b HAT B 8 09 ROE A5 4k, FR-Net A BEAS I H

VTR B K B A5, 1 FB-Net Hl YOLOv4-tiny X 38 FE 25 £
ANEIRR (FTN) BRSO A7 7 T A, ELAG DA 38 I, AR S
Y LAM-Net XF T A [a] ]RUEE AR 25 49 H b B 451
RS . 5 2 17T BRI R RS 50T 5400 1 U513
e, AR H bR B R S BT H H AR R A 22880, i
SR 235 5 ¢ BH 3 LR B8 41 8 v A R A A 43 1Y
B s AERT = & SR AE e /N RE B AR (T % 208)
F ARG B, AR SCHE M Y LAM-Net B8 S2 B T fir A S
PRSI, ELAT A e ke TUDRS BE AN Il O, e 2 R H
B & A 75 T S BAR S, 5 3 AT N 91 s K 26
BB WA AL A, FR-Net BEG% K HRRAE BH 2 19 B A5,
(ERSE S N ERN B O N UG R R % E Al
R, FB-Net F1 YOLOv4-tiny SERSREIN K Z 50 HAx , H iH
FRAL AT N BARFRIE 5 35 S B A L, LR Bk HE L
BEATA RO, T LAM-Net 7] LAEAS [ 37 5 F A3 &% 9 %
Z R HARSEAT RN, BB T Az fe kR, 5 4
AT IBCEAT R 50T /N B AR f ki 3 5%, s AT A
H b EA W A4 56 R B2 208 HArE T/ B iriE
Bl , 52345 SR 22 FR-Net ,FB-Net il YOLOv4-tiny X} 47
DGHEPY 22 AR 5 /N H RS A 0 25 S '8 455 2% | T LAM-Net
ARSI W AE B B A B B, REBIZ B B AR AN B AR
IR 25 S AT AR AL 4 AT 2R B LAM-Net A8 8585 iff 6 )
Hh E BRI L2 50, R 1k F E AR R ARk
KM R B bR UL BAR R £ 03 5 B B
ARG S5

SMIAIE LAM-Net F3Z Ak | A SOl FH 2R 28 %k Ho Al
Yt A TR, i 13 FrR, LAM-Net 762 H AR5
FAR IR AR R R G H BRAS DU R, X6 I H A A /N Y
Y BRORE T 5 | B 4 HAF A P 1 55
WA BFEZ S NG IREE, B2, 2 S0 as R R,
LAM-Net 7] LAFT 858 &5 H bR R 00RS B2, RE 08 76 45 Fh R 85
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(b) FB-Net test result
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Fig. 12 Different model test results comparison
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(a) FR-Net test result
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Fig. 13 Model robustness test
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(¢) YOLOv4-tiny test result
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J1(E 14(a) ) s R G 24 W BILIE 38 #5 1 SR 888 rh 4T3 T
PAARGF B4 AR (& 14(b) ) RIEAT 4224 14T A
I s i e T AR X — /N B AR T A (&L 14
(d)) 3 M0 ZEE ARG BRI B R AR R R A
ZEAR AE IR 2 I 25 4K TH AT LA AR G- 1 4G 000 1) 2% 18 5 1) DA
MR T 90 2% s 47 (B 14(F) ), BB 2 78 B 15 55
JELR B R BT H LAM-Net (1 8k 8% J7 ] 46 I 5 1 475 [H AR
PS4 W] LAM-Net fEM%A4 R4 HuAG I
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Shy S 1 B A ST MY A% A R A BT AR S
BETE T 22 413 fl 55 59 R XF LU AN [R]85 48 %k B s Az I 44 fig

SEI 3 3] DA 00 A R R A N S8 R A 5 TR R X
FERIVERE , WNEE 3 7R, YOLOv4-tiny 1E Ay 35 v 0 K 455
RY R I 235 5 FH R AE R 0T L 9 5 AM-Net B 1 38 0V 4R¢1iE
Filt A A e R T B 0 AL IR e 4, MA-Net H
Moblienetv3 | [F 1 i 43¢ i fill -G A5 B A 2 25 0 B AR e 2
B, AR 56 TE R A i HRURSE B $i2 o A 0 SR 1) A K
4 ; LM-Net H 52 82 B RRAIE $2 BUBE e Fn i 200 L i A
ZH G, LAIGIE [ 3 R AT R4 5 R it s A IR R Y
AR s LA-Net FH 5 52 AR 5 BORE B A 35 1 4 A1
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Fig. 14 Model robustness test of different scenarios I AR A IR 32 1 A Rk
F3 HEMIWERITL
Table 3 Comparison of ablation results
FRIBIZ TR YOLOv4-tiny AM-Net LM-Net LA-Net MA-Net LAM-Net
R AR SR IR B - - vV vV - vV
Moblienetv3 - - - - VvV -
19 38 7 FFAE il A B - vV - v v vV
e IN L EES - vV vV - v %
B 4/% 88.97 92.38 89. 12 88.72 92.73 93.22
TN/ % 72.17 93.17 77.06 90. 61 91. 60 92. 05
BEATHIE /% 91. 69 95. 85 96. 02 96. 42 92.51 95. 58
ZeRERIE /% 89. 34 92.27 91. 10 90. 29 92.19 92.43
FEEHE/ % 88.90 96. 01 93.98 93. 17 93.05 94. 49
LANE/ % 88.27 93.36 81.27 92.25 92.81 93.53
WF/% 71.37 89. 15 85. 16 88.34 87.36 89. 42
Hor DUKG BE /% 85. 24 93.17 87.53 91.40 91.75 92.96
T/ FPS 330 261 332 310 283 297

98, B AM-Net H (10 F7 AE 45 BRUSE He o e hy A SC i
BT R BRI R U | 5 AM-Net 4 [t , LAM-Net
DA AR /NG B2 A AR A0 o 454G 0 2 B 4R TH T 36 FPS,
I Ah , AR SOEE MA-Net I Moblienetv3 246 1% 48 AU 4%
TESRE U H . 5 MA-Net 4 Eb, LAM-Net 13- 35 £ 0 4
JEE RS DU 3 B2 2 AR TE T 1. 21% A1 14 FPS, 0 HE X
TN EHAREUTE AR S 4 28 4 0 TR T 0 4G T RS B 4 1)
T 0.72% F1 2. 06% , B F| T 1E B 4 2 A8 B LiE 36
55 rp S PR RS S G AR SRS, 956 25 R AIE
F 4 1 TRV ARSEAE 12 BRORE B W] DA AE LT A R AR ARG T A 2 A
AR T AR 2 4t P A (9 R 0 S R S B AR R 2 B B
T PR rh bR e S AG T B S, HOK, B LM-Net

B RRIE Rl A RSO i Oy IS AR RS R 5 LM-
Net A FE , K I0KG BE 3285 1 5. 43% , % T 42 & i AR T
/N EHBR AR RS BE 4 T T 12, 26% Fl 4. 26% , X 46
BPEFR I A PR Ay AR 9 5 2 B 35 N Rl
A RUEE B RRIE -4 22 8% 37 Y A B dir A 28 T0000 )22 rh i
AT B TR R ORGSR e R AL
I A 2 LA-Net, {15 F- YR 4G EE 52 7 T 1. 56%
FLARTE T BR ELAT BB 0 BT S 1 28 S ARG RS
T Je , SRR FR B 1 R ML AR R T A A B TN
[F) 38 1 A B, 28 H bR R 5 B AR
BN AR B Y R AR T (R A5G DUORS B — 2B R L,
Z,LAM-Net 7£ 6 PP IS T i St . JLH 2
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X2 A BT A /N AR T Y AP {E 3 YOLOv4-
tiny 23 B4R E T 9. 06% F1 8. 25% , ifif HLAT 4 3 BB i
20 A filT I AH A5 LAM-Net 76 K60 8 5 AU B 22 6] B 17
R 1 A7, i 6% W 1 S PR I0IE 3 5 T R I 0 1
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3.5 RBIZFEMANIZ PR NLK
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T AT & DL B P 42 i 5% s AR 45 4 15
HET AKX HIE R YR RS, ASCEB i AT
34 NVIDIA Jetson TX2, it & NVIDIA Pascal™ GPU .7
ik 8 GB INAF. 59.7 GB/s W A7 Ve , P A4S P b v fifi
PR Hi s i 15 pros, 76 Lk AzCE &
BCE T E ARSI BT 75 00 T8 B2 2 > PREE, S0 IR H FR A
MR G LR 21T, B R B R A A Jetpackd. 4
ZGRAN Ubuntu 18. 04, Cuda {54 # 10. 2, Cudnn
BRAERRAS K 8. 0. 0, opencv BRAFRRAS g 4. 1.1 , Tensorrt L/
PERRA A 7. 1. 3. 0, Deepstream 2K {FfR A 4 5. 0, Python
WA N 3.6,

AR SCH A R H BRI AR 5 8 & ik A Uik
rf IR RIS 2 AFVRG 00 30 38 X5 AN [ ASE R0 A7 P-4

Pl 15 NVIDIA Jetson TX2 it AXT- A
Fig. 15 NVIDIA Jetson TX2 embedded platform

£ 4R, LEEERFEN] | LAM-Net 3238 T 92. 96% 145
TNPKS BT 32 FPS B 0 380 2 A Y0 A 0 3 o 1
YOLOv5s YOLOXs .FB-Net #l LFD-Net, fie % 75 52 2% (1 %
TE PRI v REORG o R A A I S ) HBR . YOLOv4-tiny 1
I o R b 2 ARG DR 2 A1, ek PRI A 2 2% 1Y
OB A PSR I 2 Y. 5 YOLOv4-tiny 4 b,
LAM-Net 7EFEAI 3 FPS B4R 0 58 5 A B2 T, o 454G 00 A
FERRAS 7. 72% B9 KIEHE T, YOLOvSx F1 YOLOv4 X} 54
BR85S J32 2o 48 | TG ik S A 54 H
Bro £5 1530, LAM-Net 7Ei% A 2CF 5 475 1H BEAR 41 b
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THE TR ALK S 1 7 2K
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Table 4 Embedded test results of different models

R R YOLOvSs YOLOv5x YOLOv4 YOLOv4-tiny YOLOXs LFD-Net FB-Net LAM-Net
SR E /% 89. 88 94.73 94. 28 85.24 91.98 90. 24 87.62 92.96
e B/ FPS 14 4 6 35 16 23 21 32
7.72% , JUHIE X TN H Ar 22 4 08 A4 T 10 4 DUDORS B2 43
4 £ ® S H YOLOv4-tiny 75 T 9. 06% F1 8. 25% , AEM% 01 4 4 7¢

AR T — R R [ 3 0 22 R 4 U 28 I 4%
H ARSI LAM-Net, If-44 Ho 0 FH T 2 220 58 T 1951
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L, SEPT A)ROEE AR P O A A RO R T T
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LAM-Net 9 K W0 388 B2 F0OKS B2 43 51 297 FPS 11 K Fl
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Net FE4FG 4k /D12 46 RS BE (0 1T $2 1, AG 003 8 43 1) 3k 31
T YOLOvSs Fl YOLOv4 4 5. 4 4580 7. 1 4%, 164 A
JE 5 T, LAM-Net A9 2 K K5 B b YOLOv4-tiny
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