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Abstract Pneumonia as a common respiratory disease, its accurate and rapid diagnosis is crucial to the
health of patients. With the innovation of medical technology and the development of artificial intelligence,
computer-aided diagnosis has been increasingly used in the medical field. Deep learning has achieved remark-

able results in the field of pneumonia detection, but its large number of parameters and complex network struc-
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ture lead to limitations such as long training time and high consumption of computational resources. To solve
the above problems, a pneumonia detection method based on the variant structure of broad learning system is
proposed in this paper. The method introduces the cascade pyramid structure on the basis of original broad
learning system. Meanwhile, the pre-trained EfficientNet network is utilised as the front feature extractor. In
addition, the incremental learning algorithms applicable to the model are proposed in this paper, including
adding additional enhancement nodes, feature nodes and training samples to further optimise the model per-
formance. Finally, comparative experiments are conducted on the publicly available dataset of chest X-rays for
pneumonia. The experimental results show that the method in this paper achieves 92. 83% accuracy and

98.86% AUC value, which are comparable to many deep convolutional neural networks, while the training

time of the model is significantly shortened.
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Tt AT 25, R E R B LI ZRad 72 i A
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Tab.2 Experimental results comparing EfficientNet-CPBLS with convolutional neural networks
el ACC/% PRE/% REC/% F1/% AUC/% Y it a]/s
AlexNet 90. 92 91.24 91.17 90. 96 92.63 853.7
GoogleNet 91.35 91.18 92. 04 91. 60 93.12 1596.7
ResNet-18 91.51 92.31 92. 49 92.40 93.31 601. 8
ResNet-50 91.92 92. 85 92.37 92. 61 93.57 1342. 4
VGG-16 92. 63 92. 81 93.59 93.2 97.98 1506. 7
DenseNet-121 92.38 92.29 93.24 92.76 98.73 1534. 4
MobileNet-v3 92.74 93.33 92.95 93. 14 98. 49 1871.5
EfficientNet-CPBLS 92.83 93.28 93.07 93.17 98. 86 182.4

SR W% EfficientNet-CPBLS #5715 BLS A%
J5 ¥ ( BLS. CFBLS. CEBLS, CFEBLS. MRC-
BLS™) 347 %} [ 525 . CEBLS,CFBLS FI CFE-
BLS #5238 F BLS f R ERAS (R L5y, J At — 4
ACSEREEI A MR . 7ESCguad #2 rp, 51 %5 BLS

FASKIT RSB EE  ATD AR R T AR A8 2R S K
R E R ELE S EfficientNet-CPBLS AH ML ) 5
BOEEN, LA PR S8 56 09 20 7 P A aT e, S
4RI 3 N,
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Tab.3 Experimental results comparing EfficientNet-CPBLS with BLS correlation methods

i ACC/% PRE/% REC/% F1/% AUC/ % MES T
BLS 86. 48 86. 19 87.71 86. 94 90. 08 82.6
CFBLS 88.91 89. 82 88.95 89. 38 91.77 90. 3
CEBLS 87.57 88.93 89. 32 89. 12 91.19 89.7
CFEBLS 89.32 89. 74 91.03 90. 38 92. 60 92.8
MRC-BLS 92.35 93. 11 93. 65 93. 38 97.55 178. 1
EfficientNet-CPBLS 92.83 93.28 93.07 92.78 98. 86 182.4

S Iy 4 B 32 B | EfficientNet-CPBLS #f %% F
BLS #3% J7 #: ( BLS . CFBLS , CEBLS , CFEBLS ) 7
HWH e bR LS T AR T SRR T
BPLSRITERE , A i DL il 98 12 W [] @R 4t 1 —F
WA B, B4, EfficientNet-CPBLS 131 %5
B[R] AR AT BLS AHOC 5 G s fin , 32 S i PR
SIA T IR A2 FFAE SR ELES ( EfficientNet-B4 %]
%) o XAFRIESRELES 5] A AT R B 4% B 47
M B P R RIS, DT 4 e TS A 1
BEFIZACLRE J1 o AN R 6] A Fir 55 m, {H 3 F
WERAE AT LI SZ (TS BN, OF HAlv ok TR 50

PERESETT, PR LB & — i R AL
3.5 4ERSCIG

37 B iF EfficientNet-CPBLS 42 %1 v (i) 4% 1
SRS H L T EfficientNet-B4 {48 it 45 1F 42
B A A5, A e P IR S8 T T Al s g,
SLERAERANER 4 R . AE Kermany B4R 45 I, LU
Jlf BLS A Ry B, 15 560 AUk 4 I b,
RIf32] BLS + CP, #AJ5, fE ML ALAl b, P9 AL
T EfficientNet-B4 [% 4% 1 R AiE $2 S A5 A, 75 51
BLS + CP + EfficientNet-B4 , 5 S2 36 25 B E 47 A%
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Tab.4 Experimental results of EfficientNet-CPBLS ablation study

Rl ACC/ % PRE/ % REC/% F1/% AUC/ % Y Zrast[a]/s
BLS 86. 48 86. 19 87.71 86. 94 90. 08 82.6
BLS + CP 89. 85 89.91 90. 45 90. 18 93.12 103.3
BLS + EfficientNet-B4 90. 36 90. 48 91.55 91.01 95.79 159.7
BLS + CP + EfficientNet-B4 92. 83 93.28 93. 07 92.78 98. 86 182. 4

LG A R R 7R R G BLS B3l B, 51 A
A TIEBH(CP) J5 , BERLE AR A P $2 7, 78
Z I A8 br XA BT, IR R) g A 10
SRIG AR 4 B B R T 25 /) Efficient-
Net-B4 FRAF4RECHES , MERIMEREAS 2 T 8 g 2 A0 4%
Tt BSRVIZRIT () A B3, (E AR X TR 432
PEREM KIS EE TS (E A 1, BRI 5L Prig
SRR T AT I PR RIS
3.6 HEXH

AR N RN BT (1 2 ) Bk Y PR
AR, IETE Kermany $48 48 B #FAT 1 AH G SE
¥, PEM S FRIER ACC, AUC, F1, &6, 5T
EfficientNet-CPBLS [t 27 3] vk . Mhn%ish g
HETRT AL, BCERRIE T AU 500 PREEANAS, HE5R
AR 1000 5 000 AW, Uk

T 1000, SZEGEERUNES s, WSZI45 T L)
F b Bl A 3 T S 8 L 1000 & A5 B i &
5 000, B B PE REHE A5 15 52 BEE AP S T i
BRI, Bl 151 AR 3, AR ) R
Z(ACC) M 91.75% %] 92. 02% % # 3£ TF, AUC
M 95. 84% 1| 97. 42% AW AN, T F1 43 %t
91.45% AN & 92.67% ., 4% I Fiik, EfficientNet-
CPBLS (1) 3 5 27 >J 53035 30 38 32 25 1 1 98 775 55
B, v LA SR m R 4P RE

SRIG, N T EfficientNet-CPBLS F 34 £ 5+ )
S BN AN IR T AN, R R AE T A
500 HE N % 2 500, BRI AN 500, 3G 0 s EGE
MAZEAT 000845 K38 i 500 2= 3 000, 256 25 H
Wz 6 Fran, AT LA H G R 7 s A 2 7y a5
38N, Bl 2 380 A I ZRint Rl ek i (HRE
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Tab.5 Experimental results of incremental learning algorithm for enhancement nodes

e b T 1IN FitiiIgk
FRET fifE R eE ACC/% AUC/% F1/% o -
500 1 000 91.75 95. 84 91.45 - 141. 12
500 1 000—2 000 91.94 96. 24 92.03 0.96 142. 08
500 2 000—3 000 91. 86 95.91 91. 86 1.14 143.22
500 3 000—4 000 91.93 96. 21 92.01 2.07 145.29
500 4 000—5 000 92. 02 97. 42 92. 67 2.36 147. 65

FO FRAETT R AR I LT A R
Tab.6 Experimental results of incremental learning algorithm for feature nodes

P e IV Ritilgk
FRET S8R Wy s ACC/ % AUC/ % F1/% B s -
500 1 000 91.75 95. 84 91.45 - 141. 12
500—1 000 1 000—1 500 91.83 95.97 91.84 3.13 144.25
1 000—1 500 1 500—2 000 92.11 96. 20 92. 05 5.78 150. 03
1 500—2 000 2 000—2 500 92. 08 96. 14 92. 04 8.52 158. 55
2 000—2 500 2 500—3 000 92.16 97.11 92.17 14. 61 173. 16

RJ5 4 F EfficientNet-CPBLS [ 2%

A

ALK, BACRUL, B VI ZRREA RO R IE

o RSN SR A, B TR A8 I R A B
93 000, BN SO0 AREAS % S 0005 45
AE5 4580 A 500 33 %5 2 500, 4 Y it 5003
SRS SOHORE AL 1 000 B 3000, 15 U
500, gLk RN T R, 0T LA A, 4R
USES IV 5 A R i 2 1 M
PERE A4 T, 7 FLEETH 0 86 62 3 g

T AR R T BB T B AR 1) o R
(ACC) M 89.87% % HEFF & 92. 14% , AUC #%
FRM 92. 81% 48 i & 97.03% , T F1 4> % A
90.25% 34 & 92.11% ., I, EfficientNet-CP-
BLS (13 152 > 530 o 4 il A% AR B30 e
B I M B TR (1) 73 2

T UIGRREA 8 B oy o) Bk SR 25 R
Tab.7 Experimental results of incremental learning algorithm for training samples

WIRREARCE  FHET 8 BR fdd ACC/% AUC/%  F1/% iﬁgmf %k %ﬂ”%
1]/ I 1]/
3 000 500 1 000 89. 87 92. 81 90.25 - 91.15
3 000—3 500 500—1 000 1 000—1 500 90. 35 92.97 90. 88 11.36 102. 51
3 500—4 000 1 000—1 500 1 500—2 000 91.42 94. 09 91. 36 14. 67 117. 18
4 000—4 500 1 500—2 000 2 000—2 500 91. 89 95. 87 91.79 20. 85 138.03
4 500—5 000 2 000—2 500 2 500—3 000 92.14 97.03 92. 11 33.91 171.94

LR LT BB 3 g A I A T DR A RRAET S O 5 S R, S BR TR Y
AFFUNREEA BT AE OO, A I Zpae

P RAERE
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