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WO atr ™ B8R Y
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att, =Softmax(Zi)=7sj p(Z) o (4)
Zexp(zi)
i RREE Y, B (5) B
Y, =F ®att,,i=1,2,---,S -1, (5)

K. @FRBH, ¥ Y, #1417 Concat #AE )5, 15 5
R R AR R Y
DSD-PSA Ll #9 Dh ACAS a0 R B
B HAFER U
fav b s VR Y
® U, = self. pool_x(U)/ X 5 s AL #AE  /;
@ U, = self. pool_y(U)/ = Y J5 AL IAE = /;
@ V= UU,. expand_as(U) U, . expand_as(U) / * ik
YRI5 EURHIE RIS « /
@ F,= self. Conv_0(V)/ % Ix1 4341 EHF = /;
B F, = self. Conv_1(V)/ #5x5 3 ER « /,
© F,= self. Conv_2(V)/ % 9x9 /PR = /;
@ F,= self. Conv_3(V)/ % 13x13 /&R = /;
F = torch. Concat(F,, F,, F,, F,);

© F,_SE = self. SEWeight(F,) ;
@ F,_SE = self. SEWeight(F,) ;
@ F,_SE = self. SEWeight(F,) ;

@ F,_SE = self. SEWeight(F,) ;

@3 F_SE = torch. Concat(F,_SE, F,_SE, F,_SE,
F,_SE)/ * Concat 3L 4 HEFEE =/,

@ att = self. softmax( F_SE)/ # Softmax #&1F = /;

@ Y = torch. Concat( Fatt,, Fatt,, F,att,, F.att,)
/ # FEAE IR 5 30 BCACE AR = /;
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D x,; = self. C3Ghost(M,) ;
@ x,, = self. DPConv(x,,)
@ x,, = self. Upsample(x,,) ;
@ x,, = torch. Concat(M,, x,;) ;
® x,, = self. C3Ghost(x,,) ;
© x,, = self. DPConv(x,,);
@ x,, = self. DPConv(x,,) ;
x,, = self. Upsample(x ;) ;
© x,, = torch. Concat(x,,, M,) ;
®© x,, = self. C3Ghost(x,,) ;
@ x,, = self. DPConv(x,,);
@ x,, = torch. Concat(x,,, x,, M,) ;
@ x,, = self. C3Ghost(x,,) ;
@ x,, = self. DPConv(x,;) ;
® x,, = torch. Concat(x,,, X,,, X,,);

19 x,, = self. C3Ghost(x,,) ;
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Figure 4 Structure diagram of the MFF
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@ x,, = self. DPConv(x,,) ;
1 x,, = self. Upsample(x,) ;
@9 x,, = torch. Concat(x,,, x,) ;
x,, = self. C3Ghost(x,,) ;
@D x,, = self. DPConv(x,,) ;
@ x,, = self. Upsample(x.;) ;
@ x,, = torch. Concat(x,,, x,,) ;
@ x,, = self. C3Ghost(x,;) ;
@ x,, = self. DPConv(x,,) ;
@0 x,, = torch. Concat(x,,, X,, X,);
Q) x,, = self. C3Ghost(x,,) ;
@ x,, = self. DPConv(x,,) ;
@9 x,, = torch. Concat(x,,, X,,) ;
G0 x,, = self. C3Ghost(x,,) ;
@D x,, = self. DPConv(x,,) ;
@ x,, = self. Upsample(x,;) ;
@3 x,, = torch. Concat(x,,, x,,);
@D x,, = self. C3Ghost(x,;) ;
3 x,, = self. DPConv(x,,) ;
30 x,, = self. Upsample(x,,) ;
3D x,, = torch. Concat(x,, x.,) ;
@d x, = self. C3Ghost(x,,) ;
39 x,, = self. DPConv(x,,) ;
x5, = torch. Concat(x,,, x,, X, );
@D x,, = self. C3Ghost(x.,) ;
@ x,, = self. DPConv(x,,) ;
x,, = torch. Concat(x,,, x,,);
@ x,, = self. C3Ghost(x,,) ;
P, =x,, P, =x,, P =x,;
4o #5,
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F TR IR 11 1) 2 2 000 A 1, EL B PR
AL BRI A A4, R T i — AP DA I 2% R I 201 ) 255 o 119
C3 B C3Ghost BB IF 5| ATRIE W] S B 5 BL
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RIARRAE BT, B SERERFAEXT R 1 A JE il REAE R s— 1
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Figure 5 Structure diagram of the GhostConv
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E5-2620 v3@ 2. 40 GHz Nvidia TITAN X GPU #I 32 GB
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0.8.2+cul01 #1 Python3. 7,
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U W, L5 113 JERy ah, U 2R 4R 4 495 IR IEMR, K
WEAE 1284 MF A, KR 643 I8 B4,
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YRR
3.2 EMERR

A S0 A BE ( Precision) . B 7] 3R ( Re-
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F1 5380 (F1Score) LA R Hig 45 Ab BB [8) ¢, 26 56 11E
P& R A R AR AT M

Precision J2 A% P 1 B2 5 | 37 BT A 46 DU Y
H b b i B A A TR AR

- (7)

TP + FP

Ao B TP R A ] 2 L 52 TE A [) e AR A %)
HC B T 5 2R A 2 O 0 Y K LB TV KR AR
5] 2 LS B A1) ) B A 78 ) DG g ) 2% SR 2 1
RO 5 i BHAE FP 7R R 1) 2 0 S 67 491 ) I 452 1
Xof G H T 45 R 20 Sk T 9 A KR iR B FNV R OR
T 5] 2 L S T 451 [ s A5 78 Xof JH i) 000 435 R A Oy 7
(ILEE &8

Recall 5273 %5 1 1Y & &, 78 Fr A 1Y IE R A o
IR AR TR AR

TP
TP + FN' (8)

SEYIKE B AP (average precision ) 32 78 Precision
I Recall T B A0 M 4R A T AR, P S4905 BE mAP
ST BRSNS 5] AP B398, @ J5 T Y Ek
& ToU BfH, Bl 0, mAP@ 0.5 £ /5 ToU 8 fH K F
0.5 B mAP ,mAP@0.5:0.95 £/RAIF ToU BFE (N
0.5 %] 0.95,24 0.05) LH) mAP,

Precision I Recall 3 H J& — XF 7% J& 1 1k 68 & &
B8R, — MRV, Precision #5 B} | Recall FEH B .
F1Score & ¥& i X F1 H E%E@w)ﬁ%ﬂ%ﬂjﬁ(,%kﬁ
1, RoR i /bRy 0, Romde s R 0N

Precision =

Recall =

2 X Precision X Recall
F1Score = o (9)

Precision + Recall

3.3 =&l
ARSI RPN IR IR 2 > R 0. 01, & 2>

N 0.002, B E S IEARECH 500, 2k AR5 H)
TE 50 UE 5 10 2R AN FEU80/ B B 455 1 I 25 . YOLOvS-
AMFF BEAIAE VOC B3 4 A 58 2 8 4 B i 12 )
HE 4R B R B A RIZLR G, Bl TR B
BRI R R ARG

3.4 WBEHERMOW

T UE AR SR R AR B A RO
VOC i 5 EXF YOLOvSs #5555 k47 71 gl S0 56 | 45 21
e 3 fiR .,

M 3 AT LIE H L FE YOLOvSs #5581 A 45 i 41 B
HB 434 i DSD-PSA #LIS , BT 52 B FRAE 1 A 5
T N4 A 23 ) FE (S S B, mAP $2 T T
L1 E 535 FEIM S 2% 3 4 2R F MFF 2544 )5, A&
SR G R AR Rl G BE ) A 3 1R T YA 4R
bR mAP $&F+ 17 2.6 A 4355, F1Score $2F+ 1 0. 02,10
& 4% S50 2 YOLOVSs 19 2. 05 /%, fEER I MFF
R 59 FERE 1, A C3Ghost B B FIE J& 0] ) 55 45
FROLAL MEFF G548 150 A0 2 80 i B AR T 45% , B K
INEAR T 44%, [ I mAP $2 FH T 1.5 H 4,
F1Score #£F+ 7 0. 02, iE#] T C3Ghost B AN TR B AT
YR R, DL A LR 7 R AE 4R B B
I DSD-PSA ML )5 , BE B F1Score AN7%, mAP i
FT 0.8 AR, NEEERE, ACHILEL IR
Yy B br i I 5 1R 50 /9K B 38 -, 3R B DSD-
PSA HLI MFF 25 ¥4 F1 ) 45 [ 2 45 09 10 20 ik + 0
B,

ST B R A SO R R I R A O #E voc
B S R0 R fie o B AR R A 1RO B8 2 XT YOLOvS-
AMFF . YOLOv4 ,YOLOv5s , YOLOv5m .SSD ( VGG) LA
J Faster R-CNN # I JE47 T £ 50X} b 4 0, H Ak %
BN 4 iR,

H# 4 WA, 7E VOC Bod 4 b, AR B
mAP@ 0.5:0. 95 ik 66. 7% , L LA YOLOvSs
7T 9.4 T IEH AT YOLOv4, YOLOvSm ,SSD
Fl Faster R-CNN, 2 UL M) mAP@ 0.5 [ YOLOv4
BT S A A, AL B YOLOvSs 25 T

R3O M A RE X EE

Table 3 Performance comparison of different improvements

DSD-PSA HLl MFF 50 W4 %2 454 mAP@ 0.5/% mAP@0.5:0.95/% F1Score Recall/% — Z8& %3 K/N/MB i/ms
80. 1 57.3 0.76  74.3 7105 153 13.8 14.7

vV 81.2 59.7 0.77  76.0 7572253 14.7 14.9

vV 82.7 62.6 0.78  74.5 14532121 28.2 16.3

vV vV 84.2 66. 4 0.80 78.7 7925833 15.8 15.0

vV vV v 85.0 66.7 0.80  80.3 10 160 129 19.9 15.2

TV ERE LRI YOLOvVSs 8] Ak ks,
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Table 4 Performance comparison of different object detection and recognition algorithms
VRES B4 mAP@ 0.5/% mAP@ 0.5:0.95/% F1Score Recall/% 2% i/ms
K/N/MB
V0C2007+2012 80.0 49.2 0.79  89.7 64040 001 245.0 39.2
YOLOW B il B A TR B 4 96.7 81.1 0.94  95.1 64487874 246.0 41.3
VO0C2007+2012 80. 1 57.3 0.76  74.3 7105153 13.8 14.7
YOLOVSs B e T B AR I A TR B 4 96.9 89. 1 0.95 95.6 7552062 14.6 153
YOLOWSM VO0C2007+2012 85.5 66. 6 0.78  80.9 21114417 40.6 18.3
B BE AR T N SR A 97.4 91.3 0.96 96.0 21490230 43.3 19.8
. VOC2007+2012 78.5 47.1 0.77 87.6 2285486 100.0 19.7
B e R A R A R B 4R 95.3 79. 1 0.95 95.8 26732395 101.0 20.8
Faster B.CNN v0c2007+2012' 77.8 46.2 0.76  86.8 28786578 108.0 83.3
B e R A R A R B 4R 94.6 78.3 0.94 94.9 28998090 109.0 84.5
- V0C2007+2012 85.0 66.7 0.80 80.3 10160129 19.9 15.2
B il B A TR B 4 97.2 91.0 0.96 96.8 10410950 20.8 16.7
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Figure 6 Algorithm detection and identification results
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Geological Named Entity Recognition Based on MacBERT and R-Drop

LIU Xin', XU Hongzhen'?, LIU Aihua®, DENG Dejun'

(1. School of Information Engineering, East China University of Technology, Nanchang 330013, China; 2. School of Software, East
China University of Technology, Nanchang 330013, China)

Abstract; The commonly used deep learning methods based on BERT pre-trained model in geological named entity
recognition were character-based approaches, and could not utilize word-level information. Additionally, the drop-
out mechanism in neural networks might cause inconsistency between the training and inference stage. To address
this issue, a geological named entity recognition model MBCR based on MacBERT and R-Drop was proposed. First-
ly, MacBERT was used to learn text feature representations, which could fully utilize character and word informa-
tion. Then, BiGRU was employed to encode context features, effectively extracting complete semantic information.
Subsequently, CRF was adopted to capture dependencies between labels and generate the optimal label sequence.
Moreover, R-Drop was introduced during the training process to further enhance the model’s generalization capabili-
ties. Compared with BiILSTM-CRF, BERT-BiLSTM-CRF, and other models, the proposed MBCR model improved
the F1-score on the NERdata dataset by 2. 08 -4. 62 percentage points and on the Boson dataset by 1.26-17. 54
percentage points.

Keywords: named entity recognition; geology; MacBERT; BiGRU; R-Drop
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Object Detection and Recognition Algorithm Based on YOLOvVS5 and the Fusion of

Attention and Multistage Features

WANG Yu, BI Yu, SHI Jiantong, XIAO Hongbing, SUN Mei

(School of Computer and Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China)

Abstract; To tackle the problem of low accuracy of detection and recognition for object in complex scenes, YOLOvS
object detection and recognition algorithm based on attention and multistage feature fusion( AMFF) was proposed in
this study. The main ideas included adding the proposed dual space directions pyramid split attention ( DSD-PSA)
mechanism to the backbone network of the traditional YOLOv5s model to enhance the learning of the feature map
space and channel information, adopting multistage feature fusion( MFF) structure in the bottleneck network to fuse
the features of different branches, increasing richness of the feature and improving the ability to cope with complex
scenes. In addition, C3Ghost module and depthwise separable convolution were used to replace C3 module and
common convolution to reduce the number of parameters and the complexity of network. Compared with the tradi-
tional YOLOvSs algorithm, the mean average accuracy of the proposed algorithm in the VOC2007+2012 data set
reached 85% , and the mean average accuracy of the smart retail cabinet commodity identification data set reached
97.2% , which verified the effectiveness and feasibility of the proposed algorithm.

Keywords: deep learning; YOLOvS5s; object detection; multistage feature fusion; attention mechanism



