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Multi scale feature fusion enhanced pedestrian crossing guardrail detection
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Technology, Nanjing 210044, China)

Abstract: Aiming at the problems of omission, misdetection and low detection accuracy of pedestrian crossing guardrail
detection in the complex scenarios of occlusion, dense multi-target situations as well as multiple people overtopping, a
multi-scale feature fusion and enhancement algorithm for pedestrian overtopping guardrail detection is proposed.
Firstly, an algorithm based on Dual Vision Transformer and SCConv, which is applied to the backbone network,
enhances the capture of global context information and finer-grained information, and improves the local fine feature
extraction and feature fusion capability of the network; second, a multi-scale feature fusion enhancement module AM-
SPPFCSPC is proposed, which compensates for the feature loss caused by maximal pooling, improves the feature map.
The richness and completeness of the feature map is improved, and the multi-scale feature extraction and feature fusion
capability is enhanced; in addition, the feature fusion layer is further refined by replacing the ordinary convolution with
GSConv and designing the VOV-GSCCSP module based on GSConv and SCConv, which effectively reduces the
computational cost and the complexity of the model, while maintaining a higher degree of accuracy; finally, a highly
efficient multi-scale feature fusion module, AM-SPPFCSPC, is introduced in the trunk to reduce the complex
background and the complex background and the complex background and the complex background. Attention EMA,
which reduces the interference of irrelevant targets in the complex background and fuses the multi-scale information to
achieve richer feature aggregation. The experimental results on the homemade pedestrian over guardrail dataset show
that the proposed algorithm in this paper achieves 93. 6% mAP with the addition of fewer parameters, which is 4. 5%
higher than that of the original model, and has a detection speed of 108.5 FPS, which improves the problems of
leakage, false detection and low detection accuracy, while still having a high real-time performance, and is more
suitable for real-time detection of pedestrians crossing the guardrail.

Keywords: climb over guardrail detection;Dual Vision Transformer;feature fusion enhancement; EMA
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At ARFAE Rl A Neck 20T, B 28 15 40 < Gl 38 4 BF 15 31
oK, B8 4 Bk B /N . BT RLR SCFE Neck J2BIA
GSConv,ft# SC, 3-7F GSconv F1 2.1 75 SCConv F It
fil I 3T GSChottleneck B, W 10 (a) frn, If{#
FH— WA W BT T LIRS0 1 C2f #ibe L ik —
Ho PR AR T35 B AR FASS R0 I 28 4 A2 = b ) IS 5 3 s O NS
. VOV-GSCCSP e nE 10(h) fizw .,
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Fig. 10  GSCbottleneck module and VOV-GSCCSP module
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X =[X,.X,,Xs.,1.X, € RV (GO R 7
FH 27 2 B0 207 B >R 1 5 R A TR AE T g %R X
BYRHME RN . 8 Tl 3K 5 i A 3 T 00 AR 06 R O R T
SRR, o A ) Y AR B A EE AT AL R 1D
JKF-4s /S ¥ i b X Avg Pool, 1D M B 4 /i Y
AvgPool .3 X 3 BN 3 &4 AR AT A3 , Wi 0 4% % 42
BRFAIE T PG e B O ) i S 2L 5 1 X1 B AL SRR i i
B WA BRAE ) B 285 Sigmoid BB . 5 — S AR 4l
3X 3 4 B MU 3R R B T AE B, LY ORRRAE s (R] . A
s 2s (]2 ) 584, AL H 2D 4R F AL 43 50 1 X1 432
13X 3 %y th Y 4 R 25 )5 B 4 %, T 5 ol 2 P ok B
Softmax, 5 /N3 3 10 i 5% 4 Sy #H L A9 4 R R IR )5
A B P A 25 (B T T AN TR 1 2o B S ) A8 R
TRA, BB OCR, R BR BRI R IFRE
FAEBENE2R LT XEL MG T 2ZRERFL, SHE
FEFMERS . I Sigmoid bR BT )RR AF B 5T, 3%
SR TSR H bR Y B S OCTE .

3 XRKRERSH

3.1 ZWFEAE
A SO P AR R AT Y1 25 5 0 G S 56 B 4 O 5 3
F Ubuntu(20. 0O FAER G EARMIEIBEINER 1 iR,

R1 KBHE

Table 1 Experimental environment

Hic ' 4 R A 25
GPU NVIDIA GeForce RTX 3090
CPU Intel(R) Xeon(R) Platinum 8358P
CPU@2. 60 GHz
TR 2 M HEHR PyTorchl. 11.0

REIES Python3. 9
CUDA Cudall. 4

3.2 LEHEENA
H A A A 7 N BIHGE B R 70 2 Je80E 42 L IR b AR SC
H#E T Cross HUHE 4 , H A AL HE W45 1€ BRI A5 AL BT $A 3%

MOAT N B B R R 3 3 426 k. BRI IMRE K
/N 925X 716, B R SF K/ R 10.5 em X 6.1 em, 3 426
R B ER —AAT AR R i AT O, o
279 sWEI R AR S ATEAIT AN H EME LN EZ A
WY 332 kAR EZT AMEFRNE REHY A
445 3 IFAEAT N BRI 2 AR R 217 k. RS
FH Labelimg 48 42 5 8 T B AR AT A BB 247 0 A
i climb, 58 85 # B R fa o YOLO #8 X8 axe SO
YIZR4E B UESE A4 4 08 7+ 2+ 1 (W LBl b A5 30 4
Horbill g4 2 398 7k IR TEAE 685 ik M4 343 5K,
3.3 EEgGHZE

A SCAEAT N BB R A DI S S A BRI B
640X 640 FI4TPER, IR A SGD fifb#%. #4348 =50
# 2w,

R2 HEWBOEBSY

Table 2 Some hyperparameters of the algorithm

SR B HE
1r0 0.01
Irf 0.1
momentum 0.937
batch-size 16
epochs 300
workers 6

3.4 HEFMHER

ST U T A AR T A T AT N B R AR A AT R Y T
P, % R 2 (precision, P) , F 1] & (recall, R) . & $ &
(Params) K| 3 BE (frames per second, FPS) FlF- 3 K5 B
¥ {H (mean average mAP, mAP){E BB LIEA 85, HHC
A= (12) ~ A5 iR,

P = T;% (12)
R = TPT+7PFN (13)
AP :J].P(r)d(r) (a4
mAP = iAP,- (15)

TP R IE B A I Y IEAE A0, FP 28R 5 152 /0l 1Y 1E
FEAR s FN RN AT BB EREALG o, S BI04k,
3.5 XBERSHF

174 Al sE 56

AT HAIE SAVE-YOLO B35 %47 A SRR 5roR A4 0 (%) 5
M, PL YOLOvSn Ay LAY, 76 H Wil 848 Cross 4%
ANBHE Jr s LR TR) Y 52 598 B 5 e B AT T Al SR IR 1 5
U VRN R RS P B INAR N A BB, SER AN R 3 TR .
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Table 3 Ablation experiments
LAY SCDVT AM-SPPFCSPC RFFL EMA P/% R/% mAP/%  Param/M
YOLOv8n 89. 4 81.6 89. 1 3.21
Improve 1 J 92.9 83.8 91.7 3.97
Improve 2 N 92.0 82.3 90. 6 3.31
Improve 3 N 89.7 82.4 89. 2 2.82
Improve 4 J 91.8 81.8 90. 2 3.24
Improve 5 N N/ 92. 6 86. 5 92. 8 3.52
Improve 6 N/ N N 92.6 87.2 93.5 4.12
AR ICE N/ NG NG N 92. 8 87.4 93.6 3.72
3 IAEH,. 5 A SCDVT #itk 5, mAP 2% T x4 FAEEENVEIAIT L LR

2. 6%, SCDV'T B /) i i, 3430 T 508G 40 R 10 19 $2
WEES, AR T 2R L T XFER . ER=AE LS
B B R B AR T T B 2% 18 B 3 5 T AT N R
T B R I A 0 B 5 M3 AM-SPPFCSPC B35 , e mAP 1
YOLOv8n kg M T 1.5%, iX % #] AM-SPPFCSPC
BN T R EB AR R A5 B R B T 2 RE R
AE 42 BURR I il A 1 BE 975 MOTAT B8 1 A5 R %) A DG B 5 X
fiFf & )2 AL 5, Params 38720 T 0.39 M, mAP &5 T
0. 1%, 3 WK B0 4 76 4 A6 5, BT () 2 B R K b, Al
I T A BORS BE K B 24 EMA 31 A £ FJ5 . mAP $#£7F
T1L1%,. XRAFMERETZE S EMA 5] A5, 5
BB OCTE FAT A BIBTE B P 42 19 XL 48 | T £ 2 Hn
T30 1Y & Z% 38 3 5 P AR BE 75 B SCDVT BBt
HEATHHE RS )2 B 404L , Params b BRI SCDVT 45 e i}
W T 0,25 M, GSConv Fl SCConv £H & A4 A5 He 45 3¢
B4 T Transformer 5| AJG IS8 ;76 SCDVT itk |
AM-SPPFCSPC # Bt il EMA ¥F & Jy #5 He [a] i 51 A I,
mAP 5 T 4. 4%, R WX 3 S [E] BF S 0k R
R B TR . W SE 80 &5 R IEAT L5 A i . 4 Bk ik O ik
WA TE T YOLOvSn RAS IR BE . 4 Fh et o7 219
GAGAESHEEMMAZHERT,.SAVE-YOLO ¥
mAP EH] T 93.6%, b YOLOvSn ¥ T 4.5%, #ETf
RN R PR E T 3. 4%.5. 7%, HoA MR R R

2)VE B JIHLHIR L

R T 2R EMA R 7 HLE AT CE A R
WA St LA YOLOv8n S B 50, e B T — 26 £ 3 1t
B S BiHfn SE.CBAM.ECA.CA 5 EMA 7£ A %l Cross
BR A 1 LUAH R G SR B IC B AT X L 0. gk 4 PR,

B 4 AT, B3k 5 R 2 7 A7 A B bR 4G I 1
PEREH T B EAR Fr £ 9], 5 Baseline 8 4 [b,
SE.ECA 3 J1 ML & i 21 M 4% )5, mAP 43 88 m T
0.2% A1 0.7% , GFLOPs 1 Params 4 & 34 il ; CBAM il
AJG,mAP ¥ T 0.5%,/H GFLOPs il Params ¥ [t H
Ml E AL B £ s CAVECA A AL mAP 43
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Table 4 Comparative experiments with different

attention mechanisms

DiRis mAP/ % GFLOPs Param/M
Baseline 89.1 8.21 3.21
+SE 89.3 8. 21 3.21
+CBAM 89. 6 8. 29 3.32
+ECA 89. 8 8.21 3.21
+CA 90.1 8. 27 3. 26
+EMA 90. 2 8. 25 3. 24

FUBEIN T 1L.OY% A 1. 1% .M A ECA JG# mAP A3 T &
B 90. 2%, 3F H GFLOPs H1 Params AH X 34 i1 (4 45 20>,
PR T HAbE B S, RIE T EMA & LA
M.

3) FRAE il A B R X L

KT 2 W E AM-SPPFCSPC 47 A Bl 4P k2 1
WA 0t LA YOLOv8n iy SE i AR A, BT — LL AR 1F Al
48 tn SPPCSPC, SPPFCSPC, AM-SPPFCSPC 578 A
il Cross $Hi 4 1 LA AR [R) B9 246 55 lic 2 o A7 4 Lhse 38, 4
5w,

RS5 AEFERSERERNT L
Table 5 Performance comparison of different feature

fusion modules

ik mAP/% GFLOPs/G  Param/M
Baseline(SPPF) 89.1 8.21 3.21
SPPCSPC 89.9 11. 24 3.28
SPPFCSPC 90. 2 11. 24 3.28
AM-SPPFCSPC  90. 6 11. 26 3.31

i 2 5 A A0, #H It Baselined B4 SPPF, 2t #f i
SPPCSPC #l SPPFCSPC ) GFLOPs Fl Params AH [t J5 3k
A RIEREEIN T 3.03 G A 0. 07 M,mAP A 513N T 0.8%
A 1.1%, it SPPFCSPC fY 5 B B2 L g iF oy SPPCSPC
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PR TR () G T A B BE 4T . AR SO 9 AM-SPPFCSPC A%
Yo, BARSHE IR EBA KA mAP 271 1.5% .1k
BT E R 90. 6% TEHA T A H R B T £ RUEE 4R 1E $2 B
FVERAE Bl A O BE 7 . A SR A0 B 5 T R R0 (0 4G 00 1 7

4) 55 F A B X L A3 BT

Syt — B BHE SAGE-YOLO %5 8 347 A\ B s 3 22 46
W By B B R 0 L A6 A TR 5286 4500 L 76 A B 4 3k
BHARE E ¥ SSD, PP-YOLOv2, YOLOX-s, YOLOv7,
RT-DETR-r18 45 8 Fi 5 [y B A6 i 55 2% A SCHik 33 ] v 4 4h
B%EET YOLOVSn Bt B ¥5 5 SAGE-YOLO Bk i 17
SEE S R HT . B mAP,GFLOPs, Params, FPS N £ 45
Bro SEEXF HLBAR N 6 iR, 3 6 RINEILI R H AT
€54 PN 1 1 3R IR AR B 0k, SCIR(29-33 1A Bk 5 A 3¢
SR R R B B AR I AR, T R LR RS A L T
A Tl A A AT O AR

F6 HRBEBXLLIKE

Table 6 Algorithm model comparison test

LAY mAP/% GFLOPs Param/10° FPS

SSD 75.8  124.3 26.45  76.3
CenterNet™” 84. 2 19. 6 14. 8 92.4
YOLOv5s 87.2 15. 8 7.02  102.3
PP-YOLOv2™" 88.4 118.2 56.73  94.2
YOLOX-s"" 87.7 25. 6 8.95 98. 7
YOLOv7? 88. 9 114.5 37.32  87.6
RT-DETR-r18"* 89. 4 58.3 19.98  100.2
YOLOv8n 89.1 8.2 3.21  117.4
Cik[33] 90. 8 12.3 3.17  102.6
SAGE-YOLO(AX) 93.6 12.8 3.72  108.5

M2 6 Al ., 78 Cross BUHE 4 LAY XT L S 06 25 S vy,
SAGE-YOLO B 19 mAP B 848 F HAh 223 5 3% , 35 5
T 93.6%; 5 SSD, CenterNet & ¥ Ay #5 ) 25 B %t 1,
SAGE-YOLO KA 1K 2 32 32 491 Jc , 41 #5 B e b, HL 3
HEMSHEZEMTXHAEA; 5 YOLOvSs, PP-
YOLOv2, YOLOX-s, YOLOv7 # # #f [t,, SAGE-YOLO
R I ORE BE B B m T EAT. HEM BME 5 YOLOvSs,
YOLOv7 # 3%, i1 5 & f1 2 $ & U PP-YOLOv2 1y
10. 8% F 6. 6%, YOLOvV7 By 11. 2% F1 10. 0% 5 5 #fk B
A2 5 /N RT-DETR-r18 &I Lt . SAGE-YOLO fy
mAP tWHE T 4. 2% . SHE M E BB MET RT-DETR-
r18;5 YOLOvSn B A H L #2 , SAGE-YOLO £ & & fl
TR BRSO, mAP & T 4. 5%, 388 T
93. 6% ,FPS 159k 683k 5 108, W /& H A5 46 I Y 52 1 44 , 4
MR R T B F T, 5 BB Sk 19 #8247 8 K I 43

R SCHRE32 4 b, A B R AH M BT A SRR AE
SRR B AR R L 5. 4%, mAP W HE T
2. 256, FE I8 B B PR 0 AT O R I g SRR AR B, 2R
B b AR R (R RS S B 2% B RN G OR L, A SO
PAE R ST R A B U R R, HRE W R SR PEAG
L3 UE T SAGE-YOLO F3:35 X047 A BB 42 Al i) A 24
S

5) K W R 43 B

KT E IR B SAGE-YOLO & %17 A BBl i k2
RS2 B A DU 20 R, B M AR A R AR AT R L O 5
YOLOvn A7 (i 46 I 25 5 %of b A% 0 24 SR % e an 18 12 fF
e 12 v e 25 0 R R ¥ ok D 4 IR TR, b e L R
YOLOv8n A7 {4 46 M 2R & e A7 2 SAGE-YOLO ##
T [ A 25 S

meE 12 Ca) AP 5 T MKW s R, 7T LA 3
YOLOv8n 7E M 37 5 N (4 T A% B2 #4% T 80%6 . i SAGE-
YOLO HER (g K5 000K B AR 2285 AR £, s W&l 12(b) A FF
TEA BT AN HEW LN Z NS 5T R R,
YOLOv8n R & F f 20 0 1) 1E 5 A5 A5 A6 B0k 4 2
BIAT A1 SAGE-YOLO IER &I T Bk #2470, B
Joxt HoAl J AR AR A 1 12 (o) AR TR £ R B AT A AN
LY S S AN 25 R i B RTA, YOLOv8n A58 X BF 5
2855 KA A B AT A 1 A BB IR A B A AT R
M SAGE-YOLO IE#AG I & T B b 5 22 ) B8R 442 47
o, BN BARE FiE R, WE 12 771 K B
TN BGER M 2 N B 5T R 45 5. YOLOvSn 15
RSN A A 3 12 19 3 €0 A TR /N KR HG A 0 e A T —
A BB IREAT O AN LT 1 B AR AT O A A Ok L OF
BB 0 IE B AT IR A R B B AR 9 AT O, I SAGE-
YOLO ¥ B AR A 1947 Ry 42 88 1580 A DU O L I AW fe A7
0 TE 8 AT N TRAS R B AR AP AL AT R

2o 1 R 45 SR AT, R B i SCDVT A58 B i i
TR TR A0 R AE 0 B R, > T A R R AR R 46 0 1R B
KR AH MRS/ L FUER T T M% ik
PEBE DL B A 2 4R 1Y B 2% T8 B N AT N B RS AT 4 A 0 v
R AR K I B 2 ROE FR AR RS OR B B AM-
SPPFCSPC, /> T m# i fE B EK, F& TN 2
PR, REAE B AT (Rl 4 R (5 B R R AE B, e T A A
7 AL RE 1 L5 20 58 01 DL SRR AE 1 3 3K B8 7, X 4 R &2
N 783 s 1 U A AR RS R R AP B 51 A EMA
R SIHLE] BEE I IRAR T B e R R TR RN
2 EFERIFa A Z R ER L, LH W F & 1R E
B, WOk TRAINAT N B R AT O IR T
B 3 4 37 5 T 1 B ARk I RE . IR K SAGE-YOLO
XFAT N BB PR A W A 5 B8 A A 5 0 M RE N B
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Fig. 12 Comparison of experimental results between the original model and the improved model in different road scenarios
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