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Fault Detection and Diagnosis of Air
Handling Unit via Model Self-training
in Poor-data Scenario

MENG Hua, PEI Di, RUAN Yingjun, QIAN Fanyue,

DENG Yongkang, ZHENG Minghua

(School of Mechanical Engineering, Tongji University, Shanghai
201804, China)

Abstract: A comparative analysis was conducted to
evaluate four feature-selection algorithms in the context
of diagnosing air handling unit (AHU) faults using deep
belief network (DBN) with poor-data. The results indicate
that the feature subset filtered by the maximum
correlation minimum redundancy algorithm exhibits
superior performance in terms of diagnostic accuracy and
stability. Subsequently, a fault diagnosis model was

developed by integrating DBN into a self-training
framework, and a case study was performed to validate

its efficacy. The findings demonstrate that the diagnosis
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accuracy of DBN self-training model can be improved by
up to 19.5% than that of pure DBN. Furthermore, two self-
training pseudo-label sampling strategies, namely uniform
sampling and proportional sampling, were proposed.
While both strategies contribute to increased diagnostic
accuracy with a reduction in sampling number, the
maximum difference observed among different sampling
numbers is 3.42%. Notably, the uniform sampling strategy
consistently outperforms the proportional sampling
strategy, with a maximum accuracy difference of 1.39%
across all scenarios with poor-data, which indicates that,
in situations where the fault labels are seriously lacking,
the uniform sampling strategy with the smaller sampling
number is beneficial to

improve the diagnosis

performance of DBN self-training model.

Keywords: fault detection and diagnosis; air handling
unit; poor data; feature selection; deep belief network

self-training model

Jnag B 25 H (HVAC) 248 JUHDE AHU Rk
BEEASHI N2 BT (FDD) i 78 X645 BEIHE 22 K
217, HVAC FDD B85 J5 0 R B 45 FL F AR |
FFHIR AL TR IR 8h 3K EH KR T Web
of Science #% 0> L ¥5 ££ 2012—2021 + 4[] HVAC
FDD W858 Sk 528 Ff , 56 F 808 98 sl i 503 oy
Fb M 60% 3B AE$2 T 2 87 %, W5 ik B N
Tito 1M ICTE IR 4 75 i J) J0) PRl B SR S A0 1) ¥
" F i N NASA W53 2245 T A 44 1y sy
TR AR, AHU A by 0238 25 08 A9 H I 4, i
TN TS Wi s A =5 &, B L SL PR 17 A ik
B bR SRR A /D, B4R F AHU FDD 73 80408 1% 55
T Ak, 76 SR I S b At X g sk a7 e e 5 4
(RRRIEBEPE 4R S AL WA R A5 n) L, L H 25 A%

SEN S

5



5 3 1

AR VR T R TRED F IR s AL I A RS 455

IR

fE HVAC FDD (9 BB R e e Bt 58 v,
B R A S 0 E AR E UEA TR, DA SE BARRAE
Rt e m s B I2 W i . Han 55
I FH e A S d5e /INTU A B ot A B A B S Hp 1] AL
(SVM) X /K ML B R IE F SRR TR AF e, 15
25 63%~72% TSRS E] . Yan %70l F ReliefF
B MR K AL 65 ANHRAE i 5k 6 4~ BLRURRAE | 5K
5N 90. 31 %6 M2 B HERf R . Li 55 F1 I 5
T5 B T R R IR U8 U 25 51 Bk AHU 4 h i e 75
I A R AE , 76 R [6) 19 0 B 32 W 465 380 1 3 15
3. 54%0~25. 29 % WTERR 4T, HZ, H TR
BDH HF oy SR AR R B e R R AE P AR A
PEIEAT X HCBIF 5 1), 02X A S8 1 5t oA )
Bk RERR E PRSI AR A B, T BB A 5T XA
HEHVAC FDD RRAEZE R 2 T B S 4 A
MR S

F o3 2 P R A e i e P b 285 P ik 2 7
(SRR (R = e SN = B 24 = 87 14077 1 S A 1
B bR SE AR AR SR A AR | DL O AR 25 4 78 11 25
£ IR THERIPERE . Yan 25291 & SVM H Il 24
R TH08E I B AHU FDD , {f H e /D il br s
B9 W7 AE R T E] 8096 A1 90% LA b . Fan
GO A A N 4R B AHU FDD, 754
)2 ) R S EAE BUE T, R ORI Wi 3
FEETHE 3000, IR S AR FN B R AR I . R A
YIGRFERT T B AR R (2 AT xR
JZM 2% HYNZRARIFTE R 5D U ST/ NG B A
B ORR A PR EUR I A () U [ Y| A A R R
THERRSE M SRR AT B, s A TR 2
FHEEERT AHU FDD 2 IWERf R KA #9125

RSO A Ff LR R AE 2 5 B X AHU 2 2=
TEA TR 15 2 A7 S 3 M B A R TR RFAE T4
YR 11 R SRR AT X ST, B d T
£ AR RUBRER B DBN A 18 VI Z5HE 52 1 i s
WAL YRIE LI R bR 28 it K DR 28 1 28 SR s
XTRLHLZ W BE (1) 520

1 AHU FDD 7%

1.1 FHEESE

VEPRAEHL# 27 > Uk S A EGHi 4 v R B R 47
AFPEEN H PR AR P M, 3 AU A 1
st AHU FDD B4 Rk R4

(DR KRMERREBMIC) . H T EARHE 5
BEAAR G, B
I[X; Y]
MIC L Y I e g Comin (1, 1)
A XGRRHE ) i YR O idn 28 T [ X Y 12 E
fr B L5 7, j e % A B P A RS S 2 5 I A% 0 B
HRBR R BIEFEAE n KB, B=n"",
(2) T KA He e /N TUAR (M) o R AR B
AFFE TR TURIE T
Miw=max [ D(S, c)—= R(S)] (2)

K STREFETFIEMLEEE ; D(S, o) FRFEIEF T 5
ANFFIE 5 R BAE BT R(S) 8 F4E iR ARk 2 1]
() H A5 B Z A

(3)ReliefF (2 2T FEA I N 22 57 0%
Jih 2 1] 22 5 , LA s AR X 43 28 B 52 . RRAIE AL
W (F,) REEARTERFE 2 T A2 5 diff 090

k
Ddiff(FL, X, X))
_i=1

(D

mk
P(B) &,
= NVdiff(FL X X,
> —p(a 5 /) (3)
classB 7 classA 7nk
X(F,)—X,(F,
diff(F x, X )= JXEI XD

max (X )—min(X)
P A SR s XOR BTG A T BE AL SR A
A5 A BRI 5 DA 2 R S v 25 e H A
55 X BRI AREAS REAS X, 5 X2 AR TA] 5 X,
ANFIZEHUBEREA ; P(A) Ry A BBE H B AR

(DILFS. BREETEIBFREEEERE L, DA
FEAE 2, 1 T 2 ) Fisher 430 801 1 T AL FE 47 HR 1 B
Yt AP R A B AF B FRIE KB ., = o2, ;)
R R IS TS BT AR R R A S RE , #% R TC
FEARAE 688 (Inf-FS) 17040
1.2 DBN BiJllZ#EE!

PP DBN'™ )y AHU FDD /30 258580 | B2 —
PR BE 2 2] M 4%, 38 33 B il 2452 FR A 3 R 2% 2 AL
OFE S TN SN oy P SV D E N R R R ENEREA
P20 A B 4815 A S E, TR R 5 e b 28 %o
B W 25 S B TR % . DBN AR I B KRR ARG s 2
RE A5 A RUEE O IR TR 2 A AE , Y A R SR 4k
JE BN AT GRE R AF A2 WP RE BRI 2R ()4
& T A Yk P 2 R kA RN R M Oy i

AN R R - A LA, A bR
BRI EIEE R X={(x,v,),n=1,2,+-+,N }, &



456 [l o K 2 2 MCH 9K BE 2% O

%52 %

A A LHA
=R e T
BRIy i
& #
| MOERCEBOINGDENEDY |
Y
| DBNBUBRER R ML | DN
Y .
o |
= S b N
Y

AT DR R Bt A ZRAR

e
A AR A

H
FE

| BRAE AR R B |

E1 EFHEEER DBN BillZA AHU FDD ifii2E
Fig. 1 AHU FDD flow chart based on feature selec-

tion and DBN self-training model
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Fig. 3 Robustness visualization of feature selection

algorithms in poor data scenario
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scenarios in uniform sampling.

Az IR m 20 B FDD i+ =)
R o T LAFHRE B0 e B, 5 2 () e B 2% 5 A
PN [EZ R T

(2) P50 SR s 15 422 B B8 e A6 SR I 114 552 i)
X He

PRFRZE AL M T [ U 25502 S W A 2R 5
AR Ao H G AHSCAIFSE b, 1A S fAT B AR 4f BT
A PR AT B G — BT HES 4 LU A
T X AE AT RE 2 3™ 5 1 RS- 5| A 2 i
FEERRAGSWIAER R . AR SCHTTH C R S S e R
W, ISR P LA | S e 28 PO AR I 215 B XoF
FEATEA TR P HES , PRI P I B 0 00 e 285 B —
T LI IR 8 SR IR AR | IR 25 51 HhAE B die
BFIAE 2 Fh g X DBN H Y125 112 Wi a5 5% i iF
FIXTEE o SEBG 3 21 BB FEAS B[R AT, 1R B L
BRI AR 25 BB 31 h 190 13801 2 i 5t , &l
795 MAEAR R BUBE AR AR B AR R SR B T 2 Fh
TE 5 DBN A ZR2 Wi R . i mT L, 3% Ll
JHE SR W5 X632 DT M 3 ) 52 ) 5 1) SRR 2R AL, o
iy 28 B IR A1 P 348 KT AR, 08 B e L
B R FIRE S I Gty e o 2

W 2 P RE SR s UEAT X L, 7R B AR 2 B FE
143 50K 2. 5% 5% 1 10% By 3 LA B REA
T AAF 50T HRAE 2 e A B W R A R[] )l A
B, R E 7 & I A ARE 2 v i S e TR
LB . ZERIAR IR RAL 5 2. 590 2 B il
BEAEAS [ = I, 705 5 1 B iR SE R 190 I, 244
FHRE K 4% L He AR (4 DBN I 22 W i 2% 43 5]
85125 F183. 73% , Ml & L J5 1. 3900 TE 1%
52 BIRhRE BBOCN 380 BF, T I HE R SR 2 B R
84.20% M 83.40% , A IG5 0. 80% . MFA%K

PEAEA I NS 500 1K B A i, K SRR L
BRI DL i /NE 0. 75 %0~1. 12% , T 23 Bk
AHEEN 1000 RIVSCBEREA 8 L I, LSt — 204 /N 3
0~0.47%. il b, B2 ilee Sems e, (H AL
s FETT R A A IR o 8 B LE 514l
FEHHMIFEINAE T, BULIUDBN A YIZRER 2%
Pt SN2 WHEREAN A, 7525 TChR IR AS TIN5 e
I, S R BRER A BL , R I S B0 T 00 $2 IR L A3
B DR AT AT R

w5 —190(1F 561) w3 L FldmAE —190([F 52 1)
o AT hEE — 3801 52) D% HufilHhikE — 38001 52)

97.49% 96.97%

—_

(@}

(=5}
1

95+

90
83.73% 83.40%

= 0,
85 |58d2%| 84.20%

(2

80

DBN AVIZZWiERR / %

{2 2.5 5.0 10.0

PRI G R A R / %

E7 2FhimiERE 2 MiESKDBN BilZ4i2 M ERE

Fig. 7 Accuracy of DBN self-training for two scenar-

ios in two sampling strategies.
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