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Experimental study on detection of common bacteria in wound infection by electronic nose

LU Yanyi, ZENG Lin, YAN Bowen, LI Min, HE Qinghua

State Key Laboratory of Trauma, Burns and Combined Injury/Daping Hospital, Army Medical University, Chongqing 400042, China

Abstract: To further explore the application of electronic nose in the rapid screening of bacterial infection of wounds, a self-
made electronic nose is used to detect Thioglycolate (TH) broth of Acinetobacter baumannii (A. Baumannii), Escherichia coli
(E. Coli), Klebsiella pneumoniae (K. pneumoniae), Staphylococcus aureus (S. aureus), and Pseudomonas aeruginosa (P.
aeruginosa) and sterile TH broth. After preprocessing, the data are classified by support vector machine, BP neural network
and logistic regression, separately. The results show that BP neural network can achieve an overall recognition rate over 90%,
and specific recognition rates over 98% for E. Coli, K. pneumoniae and S. aureus, and that its recognition rates for A.

Baumannii and P. aeruginosa are around 90%, indicating that electronic nose is feasible for the rapid detection and

recognition of bacteria in wound infection.

Keywords: bacteria in wound infection; electronic nose; classification and recognition

Z
[l

HL 2 — R M A et A 21 R AG I TR
90 0 o R ARG AR, A A R 2 4% o S AR
SRR AR o 1R 22 RS T G DN ) T ) i o A4 o
A I ) X 32 R ) ) AT, A T2l ) )
JRIE AN 1) 24 501 ) K8l , R 3 e R O vk
AN (S AT A

TR ZRAL, T T TR 2
PRGN T RS > S, BT Z BRI

(475 B #3]2021-06-20

[E & T8 | E % FERRHYE 4 7E L1 (2014DFA31560) ; TR T RHE AT &
I Hb ) (R BRkF A1 ) 35 H (este2013gjhz10003)

(TR IR 2 W1, DA S 5, 209 1) A e 205 5
K I 55 40 FE , E-mail: 90911xbh@163.com

(B 1ESE M pete, 1A, WSS 51, ESF5C 7 i AR P B (s S
5 4bBE , E-mail: qinghuahe@126.com

TE B2 WS, 7 R AS U A I PR A i bl H
BB G IR GAGIN Ty ko B, ikt A
3 RGeS, PR AT S5 A I T BEREAR KR it
FPRCR, IR SRR A R B L W LA K
JRT B < (O R A BRI T B AN BT
PR i 58 SO R ARAT B AE o FL T s T R A )
CABITE , 5 KN A AT IR AR AR |
G W AR ERTE T SR R R 5 AT
PR AR R T 1 R R R A AT L
ZHIBEFE Y, R KBRS (AR |
LR A5 R 3 PP AR T

AR SCAE A RIPTFESE A L, T B T Sk
ek P P % 5 Ao LA e A i CRIAT I L 6
T 2T BREA | 2o A M T L 0 AN ST BT 2R B
FAAFTER) B 200 1 55 3R, O R R B0k 1R A 7
2T 14 73 0, LU g 3 1 I 0 PR A 4 1t
W2 rynlaett.



10 REEE, TSR IR WA R R S R - 1269 -
1 3£ I§ 1100
1.1 g 1000y
RAUEPRE A RLTREBIE L TR o0
BB I BT L TR REARERIT. E w0
KB T R BT 3 AR A (BT 2
AR PR 1AM (AR B8 1 A E R RS 1
HL P BN 30 U182 (I (1828 GSBT-11 e
ELIR) . R B AR LR KR R R S 00 w0 a0 a0 30 600

T 3 AT BL, SRR | Hzo SCHRRS 3B BESE B
I 4351 180,180,240 s, 2 600 s, T S, LU
T ZIREAS

Detection unit

Sampling unit

1 BRI FEIREE

Fig.1 Experiment device of self-made electronic nose
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Fig.2 A typical response curve of a sensor
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Fig.3 Flowchart of data processing
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Fig.4 Structure of BP neural network

KESEERIZ, . SBITEWTAHERN
(51,82, +,50), 2" " f (2530 M5 k)2 0979 SAE i
HUE G PR, k= (1,2, -+, 1), WA B & )2 10710
B A R T

sk
20 = 3 what + b (8)
j=1

W= (9)
Horr z0 DS (k+ V)25 i s E , wh RS &
SR iSRRG, bl R k)R
AN R I . 45 8 25 D 45 0) b AN {1 A i
B, MR DL b2 FCRI AT 5 A G B 2 RN o
J2 B B R R

W= (P00 00 N EIE, K th{H y =
(V1sVas = ye) T A MR ZEANTE LS 2 T N B, 3
T P15 2 T [ A2 25 % G B J2 R T I 45 SRR i AN
BT, AN T 225 4B 10058 25 T AR 45 2 Y [ Y b
ATFR R 28 ZE I 25

W28 YN 25T kAT 2 R0, 5 UL 2505 1A 16
TR IRERR VL AR B S A - B R
H#7% (Levenberg-Marquardt, LM) 1545 . W 2% 91| 25 5¢
Be R Rl R AR F A D 45, RIRT S0 s 2 1)
2.2.3 SVM SVMAEJE—A> 0028, H A By 24k 2
— I T T ol 2SR A T b o3 - T Y
PN, ANl S s  BEAR G A T 23 i, T DU — 4R ELER
(7 = 425 R R — A S i i) P EA I, &
5 B b SR SRR I) o, Y P AS ) S A )
S FLA (PSRN T 7 (B B o S5 KR, i L (DL i



10 BEEZE, TSI I Rl B SR B 5 - 1271 -
T ) BV Ry drc DGR -1 o pR SR T S SCAn i I SVM T 2 43 280, A SR — X — 1Y
wix+b=0 (10)  JraEEfsorse. HIir R M SVM AR R PR

Horp x SRR 7] 1 s w R A] P AUE s b L AR
FRUL TR T AT TR S AW AL o SR AR DR SR It T Y O R
B S m a2 . i AT Sk d
1
d=— (11)
[[wl|

DIt e KA @ S50 T d/ MEAUEL T 2 w Y RO
PR wll. REIEATH

w= ;aiyix,. (12)

Hordr o RIS B H e+ 5 x, F R FRAE 0] & x Th 52—
FRAEAEL, i = (1,2, -, n),n RORFHIE ] L LE 5y, 2R
AHRE ARy, i+ BHARER S — R (IEZR) ,p, -1
AP 2 (20 o 12 1ER SVM Y 3 1) 1
MU 2. 280 T PR L IEA
AT, I AT DLSE 3o A% oA BSORE A A I S5 1) s 4 =5
], 28 Ry 2R FT A FEAS PR AT 73 25 o DL B % pR AR
AL 2 A AR 1A JE pR B (Radial Basis
Function, RBF) LA J sigmoid #% .

X,

E5 x#FmENREE

Fig.5 Schematic diagram of support vector machine
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Fig.6 Radar patterns of 6 types of samples detected by electric nose
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Tab.1 Average recognition rates of 3 algorithms (%)

ez i H BPHIZ ML ARl R
B2 AN 90.10 75.60 64.50
KIGHT B 99.30 100.00 100.00
Jiti 4 ve B AAAT I 99.00 98.10 86.90
£V R AT R T 99.90 99.70 89.50
e e Al R T 88.30 77.60 34.10
afi TH 355510 82.50 68.10 61.70
SR 93.18 86.52 72.78

S AN IR B A A I R U R AS A L 3 R A
B {EfH H BP B LB A B 88% DL . DL L gh R
B, X6 T8 DA 11 B e A B ) 5 57, (i BP S
SR AT 3P B

AHIFGE by HL - 5 FH DRk 5 A v D R 4
DAL | — 2 (9 S IR SRl RN AT AT, H Al A L
Jry PR, T ek R4k SE RIS (A b A LA WA T I
— BRI BRI £ |, W RBAEAE IO, T B A
AL IRAF A LA MG AR B R e . —
SR FE O B 5 SR AT TR, SRR B4 I IR
Bi R IR S B 2 H 2R, T i — 2 R B I IR
FEABGE IR T 2 REPE .

4 4 it

ARSI ] S A R R A I L 4
HIERTA A SR B SRR TR B 2 AN AT IR I 2R v TR AR
PRI TR 5 R RN 2 TH 35 R AL 6 Fiee i A5 81 HAT 4%
H EERRE A B S B R B . % 6 ZRFEARE I A T
AL BRI BUFAE S , 1 F SVM \BP \LR 3 & g ib A7
TR, 45020, BP & SR 0T, SVM
W2, LR &A%, $57m BP B KA i R v 6 1AFT
DA A B (O A BR DA B2 AN Bl A A A SR A R TR 1Y
BRI ARl 3, 7 8 F 40 D A
PR JER G S A (1 PR i A 0 — 25 4RI T R R

(&% 30k ]

[1] GARDNER J W, BARTLETT P N. A brief history of electronic noses
[T]. Sensor Actuat B-Chem, 1994, 18-19(1): 210-211.

[2] HINES EL, LIOBET E, GARDNER J W. Electronic noses: a review
of signal processing techniques[ J]. IEE P-Circ Dev Syst, 1999, 146
(6): 297-310.

[3] WILSON A D, BAIETTO M. Advances in electronic-nose technologies
developed for biomedical applications[ J |. Sensors, 2011, 11(1): 1105-
1176.

[4] ROMAIN A C, NICOLAS J. Long term stability of metal oxide-based
gas sensors for E-nose environmental applications: an overview[J].
Sensor Actuat B-Chem, 2010, 146(2): 502-506.

[5] KOREL F, BALABAN M O. Microbial and sensory assessment of
milk with an electronic nose[ J]. J Food Sci, 2002, 67(2): 758-764.

[6] WANG D F, WANG X C, LIU T A, et al. Prediction of total viable
counts on chilled pork using an electronic nose combined with support
vector machine[ J]. Meat Sci, 2012, 90(2): 373-377.

[7] ABDULLAH A A, YUSUF N, AMMAR Z, et al. Bacteria classification
using electronic nose for diabetic wound monitoring[J]. Appl Mech
Mater, 2013, 339: 167-172.

[8] YUSUF N, ZAKARIA A, OMAR M I, et al. In-vitro diagnosis of single
and poly microbial species targeted for diabetic foot infection using
E-nose technology[J]. BMC Bioinformatics, 2015, 16(1): 158.

[9] DUTTA R, MORGAN D, BAKER N, et al. Identification of
staphylococcus aureus infections in hospital environment: electronic
nose based approach[J]. Sensor Actuat B-Chem, 2005, 109(2): 355-
362.

[10] DUTTA R, DUTTA R. “Maximum probability rule” based
classification of MRSA infections in hospital environment: using
electronic nose [J]. Sensor Actuat B-Chem, 2006, 120(1): 156-
165.

[11] CAREY J R, SUSLICK K S, HULKOWER K 1, et al. Rapid
identification of bacteria with a disposable colorimetric sensing array
[J].J Am Chem Soc, 2011, 133(19): 7571-7576.

[12] PAVLOU A, TURNER A P, MAGAN N. Recognition of anaerobic
bacterial isolates in vitro using electronic nose technology[J]. Lett
Appl Microbiol, 2002, 35(5): 366-369.

[13]) 5pms & . @ e dh v i el 04 b F A7 B HB 4L 32 Sk AT 22 (D
TR ERKRF, 2014,

JIA P F. Research of intelligent data processing algorithms for
detection of wound infection based on electronic nose [D].
Chongqing: Chongqing University, 2014.

[14] 8. ATH R gmbmne EREFRHRT[D]. R FR
X%, 2016.

LU B. Study of medical electronic nose for the detection of bacteria
in wound infection[ D ]. Chongqing: Chonggqing University, 2016.

L1S] Fipik, |k, B, & . 46 AR RY 09T 456 v s R A Heik
1], 4 B3R F IR, 2009, 22(3): 303-306.

XU X T, TIAN F C, YAN J, et al. Rapid detection of wound pathogen
by enose with a gas condensation unit[J]. Chinese Journal of Sensors
and Actuators, 2009, 22(3): 303-306.

[16] SUN H, TIAN F C, LIANG Z F, et al. Sensor array optimization of
electronic nose for detection of bacteria in wound infection [J].
IEEE Trans Ind Electron, 2017, 64(9): 7350-7358.

(¥t BEFR)



