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Analysis of the Effect of Using Batch Normalization Layers in Convolutional
Neural Networks on Seismic Data Denoising
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Abstract Deep learning algorithms have been widely applied in seismic data processing, and have achieved many good
applications in seismic data denoising and other related domains. Current research primarily focuses on selecting and applying
different deep learning algorithms, network structures, and labeling methods. However, less attention is paid to the impact of
inherent dataset variations on the application of deep learning algorithms. This paper analyzes the impact of Batch
Normalization in convolutional neural networks (CNN) on seismic data denoising. By employing theoretical formulas and
conducting comparative numerical calculations, this study proposes recommendations for utilizing batch normalization layers
based on the analysis of seismic data features. The suitability of incorporating batch normalization layers relies on the
statistical distribution characteristics of the dataset. Effective improvements in network performance can be achieved only
when the normalized energy distribution of the training set is concentrated within a strong amplitude region. Nevertheless, in
seismic data denoising, it is generally advised to refrain from using batch normalization layers. These findings offer valuable
insights for the improved application of deep learning algorithms in seismic data denoising.
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ITAER, TREE S 2] BEAEH R AU A BE AU AR B8 N, Rl REVI B HL, K, 46
2575 TH O A W 2 I B Ak =5 OB 3 45, 2020; HE K 5255, 2022; &%, 2022), 1E &A1 L8
2 ) B R U b R O AR B R RN, NATT TR SRR S ST R I W S SR IR B BEAE N B B
RN, NATTTF UG SRR FE 5 3 SR 10— B85 X 285 25 Mg 5 AN [R) B2 37 5 S I S ROR 038 T B jvi
FI R AR RRAE, AT XS H RO, T EUAS B A 16 N RO (R %%, 2020),

SE B Hb R TR R AN T S AL S M, WIBEALEE S, R RRE, MUK, ZIREE. XL T
DR TR AR R I R, R b 250 E M RE B 0 A B A 2 R e S o R R R A 5] L PR R TR
BEAR RS, A SR, BAERR, EHRE 2R ARHIEER A . Yu et al. (2019) ffH
DNCNN M %%, 34isith i 78 7 AL S, Ve TR 2 R i 25 Br, IR T IR 22 S fEHL AR g
B RE I 700 TR BE 5 2] Sk A B 5% 21 £ J7 5 (Liu et al., 2020; Dong et al., 2022) (1) 2 1 45 Ll &
EME LS S, EEEME S TARERIE T . HErfA W MRS HETE, F2h (1 R IEH
KRG TR E TR, (2) AL LM G MEEE RS . 7k (L k5 SLbr % elidbir
RUFMIVUCES, T (2) SSRWIEATEE,; WA Bk ol BIRE % 5] M (Zhang et al., 2019;
Liu et al., 2022; Yang et al., 2022b)i@ % fE:FEE S G, T P Wil ge, H R RAa R, WA
SR R W 2] U5, Tl Noise2Noise network(Lehtinen et al., 2018), i i3 % e A5 ()RR AL 384T
ek, IgRid e RS 5 . BB = 5] B To 7 T0 e 5 1 b 25 B A T 1 2 M s R 25 0
R e H T EE TR FE A o) SRR I R B e T U7 M 2 —(Sun et al., 2020; Oliveira et al., 2021;
Birnie et al., 2022; Meng et al., 2022; Wang X et al., 2022).

{HANE 6 R R R BT 2 ) v, #0000 Je B N 4 S M e 38, BR8240, i3 07 & IR
PERIER, OFERELRIRRIES. DL RIX S £ ] DURE SRR AN R ASIE], DT HY Sk B8 4 1) 9 FH 2%
B fE—-E Mg, #HEMIEILE (Batch Normalization) X1 Hb i Hi i 25 Mt i ¢ o B0UR 52
K. H R 2 12 W Sk B M E I E, XEZERE N (1) H i E B a4 A
P4, Z HEGA TR IS K, —NIESS 2 BRI . (E LR 1= E i Ak 2 AT AR Ak 2
ARSI s, KB 2 AR T 2E 0 A2 EURFE A R, X8 22 R o R [F] — M 2% 450 N 1A
RS (2) fEHR LM 7, BT AR R, RIEZAR, F5 S 2 HEAR
KEVRFAEZE 5, 1 BT S AR BE 2 23 Bk R0 0 3 9 )i s 22 50, YRy, A 38 F1 s £l 1 4
FEFEAAR ) o i N B 28 AT L B o0 A R AR X B i 1 25 MU B ORI 2 e o G A PR Ak B 43k
W, ERMEEE B, KEEDN 255 NG, TmEGEN 255 ANgEl. xFTHERERET S, Lk
BAEWJE I, RGN E, R m TG0 G AL R . DR I A 2 T 7 50 R AT 43 A 1 R A
by AT R RE BRI, IR EIRE IR BRI EE R R —.

FET UL RS, FRATE EIRDE T M WG N4 251, Rt dmht X 25 2544 (Unet T2 301
FCDNet) (Yang et al., 2022a)FH & #l 55 4k FZ 1) 45 254 (DnCNN) (Yu et al., 2019) T ¥ Batchnorm =
A FH R, 42 7 R T b B s R 4E 20 M1 T Y Batchnorm 248 B il . 45 551, Batchnorm [¥)f#
BT W2 R N BT A — LB G vt 0 A RRAE o GE T4 2 TRk A A S5O A R T i) R, 2
HARES NV A seEML, HH— i EE PR XN, WEd —Sy a5 1S5 B R esE T
B0 I MR IR AN IS B0 2 AT BOkE, Batchnorm B4 A A mT Llobnig e 8. (B 0 i A ST, W& ik
i re R M A TR, IRIES M AL, Rk %2 R BOK, Batchnorm E M < RIEM . KRN
Ji SR P 2 ) W 26 S B0 B AR A DL B o 38 % B 2% ] SRV M AR e 2 nge b g B R SR BRI T E R
5%,
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1 FiERE

1.1 REFINERM KLY
X TR O ) 2 R AL B, KBRS AR R BE X 2% I A AR Ak, T BURH DU — AR A AR R
cleandata = f (noisydata; ) (1)
A, cleandata %7 M4 4 th (0 T 45 K, noisydata £ R A S AL, O REEM

RGBT, O KRB SH, HIRMSER T ER SN ERTEE M — R S5, 06
FUZACE, ik, M ZES85%.

AR R AE R FH A R R I 48 AT M R M L e, it E VS EYE (Batch Nomination)
ot LA AN [ B4 R AAE 1 1 5B e 2 M R I R . TE B AR W 4 T, DL 4 R A R RS A R T D 4%
gEN, MRS gm0 KRB 4 50 . Mk, ATEI T HASH M4, DnCNN(Yu et al., 2019)F1
FCDNet(Unet J£3)(Yang et al., 2022a), fExf LU o0 i) B AR I 48 4580 o X S X 4 A R 2 f tn P 1
M 2 . XPAME EZREREER, YA T Batchnorm /2. Yu et al. (2019) f§H] DnCnn ¥
%, W VIR I LG NPTy, WEENMES, LTI &2 RS, 34T T AR A .
M Yang et al. (2022a)f§i ] FCDNet F:ZZEFXf I & DAS R I BT o 72 AR SCSEFR N A, B
FCDNet % 4 fifi F J5 S o it 40 3 004 (9 Droupout 248, PN IR 48 25 K4 1 15 TR SCARFF — 3

1. DNCNN M £5 2514 (Yu et al., 2019)
Fig .1 DnCNN network structure (Yu et al., 2019)

[l 2. FCDNet /2% 45 14 (Yang et al., 2022a)
Fig .2 FCDNet network structure (Yang et al., 2022a)
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1.2 Batchnorm &

M 7 A B FE (loffe et al.,, 2015), M2 EECmMER )RR, Wesis EmpiF . k& e ik (Batch
Normalization) v LA fin T8 2% J2 WX 25 (1) S S50 B2 o DRI /E 5 AR BE I 8, — AR T b B B e Ak 5
%, HH Batchnorm JZRSEEL . BLAE K 22 8500 45 K FH B tE & VG AL I Bk RS E0T L (2) RoR:

BN() =70~ 22+ p @
Op

A, XEEBAM/MEESIE (mini batch) , [ f1 0 A/MEEHUE W ERAFEZE. ¥
Yol d IDSEVRCE = (il h 2

Batchnorm #4E, ik&— 2 I NEIE o B9 5e0E, ERE T8 RIARE ), B 7T A
FIBE S BRIE, WRREREEER. NTHRXEF S, ¥/ L IXFHNSHHE e RiE s —
DB 25 VA — 10 J5 B AR B8 TR AT 2 21 SR AR AE, IR AR I RIERE 1, AR SCRESE A — LB, X
AN SR WA AR S5 — e S], A X —30,

Bl 3 45 T —A> Batchnorm 45 E A1 J5 1 5= B4 Hh 35 RS 5 19 20 A R A0S LE I 7, R AT DU
#|, 34 Batchnorm 5 (&l 3-b) , XAV HME S MRS R (B 3-0) ZREBMRER, KHMERES
RERAR G, oMW 7 ARIE M. UL 2R 4 S50, 38 75 BN R AN DS IR IE 1 B 2%, X TR FE 2
> F T AN .

& 3 24 Btachnorm EHI4ERIER, (a) NHAKIE, (b) Jy Batchnorm #:{EFHIZ R, (o) NHMEHIE R

Fig .3 Results of a single Batchnorm layer. (a) is the input data, (b) is the result after Batchnorm, and (c) is the clean label.

R AR X MRAER R S R, MR R K E S A, — o R, —
NERAES, MR RTIA G, DR RN R 2% P37 I ks i HAS R T — 2873 28 5l AT
5, MR AUE R T RO R T, 2R ) R R R AR R S A ANy (R RAE S =
TR SR EE S o XM RO AU R, A O G O B A (S . plin, fERE
PUMEE KB, —AEOLT, EEBRIRG S PRI HBOR AR S, TS R o 5 1R A5 5 R
FERIRT . EWRATIG, R SRR R BN RN R R K. MAtR U, 5 #IEE
i —NAER EERFFAL . A — AN EREA T, U1 R TR MR R AR 0 2 R OR R, 4l
Batchnorm JZJa, B HFORMIIRIEM . X AVEAL B0 BRAE, £ — R R8P b 2 5 o i 7 B dls 1) £ i
Vo BARGIN T S0 2 BRI i 72 2 BOR 7R A Bodls 70 A5 1 2082, (BAE SERRIZ AT, 3K 28 2 H0H IR A 2
RIFAHI &, Batchnorm {4 HIAE — € A2 B _E AT 9R AT HE 52 B HCHE 70 A 22 72 I FE I . AR ORI AR )
BT, RIRIT Bl A1 ) 22 5 06 L W 4 R 2 7 A B RE AR

2 REFIRBYURSH

2.1 BUiRAES
ARREAE R, KA sigsbee FEAYIEEE LT, 52T 00 B EIE PR . @k 7 0 e e A AR
FEM IR IO SR 7, SR A S AN 2R AN TR B 45 . FRATHIME 7 LBl 48 . B 55— 3% 350 4,
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W) 326 AR N ZRtE, 24 MIBHE AR B E . X Bls BEAT U R, BT A 2 ) Hods o A
KNI 1 s
1 HHRESHE

Table 1. The parameters of the datasets

HH VIR PN

T I ZR4E 41076 64X 64
BERUSRFSBCRIE ik ki gea 1248 X352
e g i g DI ZRER 61614  64%64
R EREHIE R 2 i 04 1248 X352

MR BRI IE B N R — ks, A5 RN b, I HAE TR A R B, IRATE %
M BORHBON B W 2% AT TR . 6T U-net BE%, bR SRAERIRAE IR #) 1 B0 4 KON,
B FERY RBP4, TR E, FfEUSETNE,

22 EBRHENIRERNRRESH

AR, SRR RS S FE R, batch size v 64, KRB EN Ly, Miib#HE
% Adam, KRR GREEHARNE NS . B 4 PSS BIEEM ISR, R T IUEER E
HERV € GRS

4 53 9 R APAS [E] I 5 A B R, (R HE = Ve 4L (Validation SNR with Batchnorm) 2= [ 4it
EREAL (Validation SNR without Batchnorm) B, BA4N% 1% (1r=0.001 F1 0.0001) flZres R, H
H, BORME R LE T EA O (2 B 5, 2019; Wang et al., 2020):

. 2
HSEIS

pre 2

S/N =10 log,, > (3)

2

T, SIS o FEI P e H 1A TR G5 SR, SIS 0 FE715 T0 MR 7 1 b 25 ¥HE o

H39'3|abe| —seis

pre

B4 BEALEE S D245 8 . (@) DnCNN, (b)y FCDNet
Fig .4 Training results on the random noisy data. (a) is DnCNN, (b) is FCDNet

M 4 b, ATULBTE R S, 2 EERIN L ) Batchnorm 22 )5, EMRLLBI R8s, el 2
A UINZR, AT AP E B — N RS B2 o IX b2 R Batchnorm 38 41 5 i 3t 72 K040 ) R 5, Rtk
A ZRoR K S AR IR (5 2 . b4, 2Bk Batchnorm 225, AR ZRiaE E 2 AR K
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Fig .5 Denoising results of the DnCNN network. (a) Noisy seismic data, (b) Clean seismic data, (c) Denoising results without BN layer, (d)=(c)-(b), (e)
Denoising results with BN layer, (f)=(e)-(b)
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Fig .6 Denoising results of the FCDNet network. (a) Noisy seismic data, (b) Clean seismic data, (c) Denoising results without BN lay er, (d)=(c)-(b), (e)
Denoising results with BN layer, (f)=(e)-(b)

2.3 EBRBREBREHNRRS M

SR FH AN BE AL 7 AR [ e 2 O B6 oG, e W e AT IR, SRl 7 B, BoaislE
B 4 KfBL. Pl i s 2 1k h A B R SR ISR IR G, SR TIMEH, WA BUESD, T8, T), K
RONUORAEIE 3, X R B e 5 ol Ve L 98, s, TH H AT R R U7k BRI E VI R B BB E
Jedle M BT Hrar . RS A, ARV RERE DA Z RS BEK. Pk Batchnorm JZ
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PIAFE 2 IE T s . KL 7 et RIFE A, A8 Batchnorm JZ 1), W SICH B FRS B 4T
PREREH. B 8 MK 9 B T HUE R IC ERB AR . WX E da] DLW 23], i A
Batchnorm 25, B4 1R B INE, X2 RO EITEAk, 20 570 56 20 1R e 35 4R I B 4
AR, S 25 A DL 5 B ELAR IR K .

51k 77K 7 Batch Normalization, i£45 Instance Normalization, Layer Normalization %5, %+
ANFEBTE Tk, AU, — AN RN ASE, B8R (K8, BiE, &,
), X JUMTEN R EERE TEANFRYERE LRl . HoB Bl N A AR E ML, B8R
B EE RO, JmEHATUIA . Rk —ANOREIEF, IRk A TR, melReskE TA
W) 0, LM R A e S W) AN — R T B . T R TRV vk, B0 B R R i AL
P 10 B 45 53 A5 o

7 FH B I4:45 R . (a)y DNCNN, (b)’~ FCDNet
Fig .7 Training results on noisy data with abnormal environmental conditions. (a) is DnCNN, (b) is FCDNet
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Fig .8 Denoising results of the DnCNN network. (a) Noisy seismic data, (b) Clean seismic data, (c) Denoising results without BN layer, (d)=(c)-(b), (e)
Denoising results with BN layer, (f)=(e)-(b)
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Fig .9 Denoising results of the FCDNet network. (a) Noisy seismic data, (b) Clean seismic data, (c) Denoising results without BN lay er, (d)=(c)-(b), (e)
Denoising results with BN layer, (f)=(e)-(b)
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3.1 BB AN

M BT X e gk AT LUk B, Batchnorm J25F T i &4 B m 2 E A . HEEa AW d,
FH T M b FE R BE N 45 58 2 >R H T Batchnorm 2544 W1 Yu et al. (2019)f#H T DnCNN ¥ 2% &5 #4) fiff
FU T BEALME & )RR .l IR AR B AT DUR I, BT Yu 55 AN Hb AR HHE 4 A T PR R 2
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(AGC) , MEHIAH B A S, HAg R AR, WA SR IEE N A B 5, A
IR REE A 2 R B, RIS PR O o
N T J&7R Batchnorm J& HUEAN R 88l 70 A LIIRCRZ 5, BATR B Yu et al. (2019)JFI5 1K)
AR AN IR A RHR AT 20 B o X — 3B BATTH 0 i 1 BEHLGE B (15 0, DR 53 0 A B e 5Bk s T3t
R BB R LA P BR, —BORE R R 0 S B AT AR PR, MO REALMR T ) BRI L 2 — L
TATQE T 3 EIEAE, A RK GRS E, MBS, WIIR{ERRLEH Y 2.03.
%2 BRI B HE

Table 2. The parameters of the datasets

Hom Al R NI G Yl R B VIG5 E

R AR M4 & A 64X 64X41186 2.03
K  Re S35 17 B 64X 64X41186 2.03
NI R S A 0.1 % C 64X 64X41186 2.03

£ 10, WANG i TR A REEIH e Al . X T ORACBE R RS E TR S (B 10-
(a) ), KESITHIVI A RERALAR . X2 RO A AL R A v DR os . 7 (3 I BOR I 2, X e ik
ireeEYIME (B 10- (b)) O, WLUE WIRIEE MR8 0. Sl 22 10 A% 0 F A ok, Bl
T IRIESE IR 2. & 10- (o) MIEURIRIE R, RAB/NIR @M, A FUIA IR IE 2 7

BN

E 10 AREEEMINSGEN R RIESTE, () .« (b« () FHXRE 2 hig8digs A, B. C

Fig .10 Patches amplitude statistics of training sets, where (a), (b), and (c) correspond to data numbers A, B, and C in Table 2, respectively

9T T Batchnorm ZEIECE . IAME A Batchnorm A (A (2) ) 03 2 d i 3E #E4T 4k
B, HpRJECL, AU B ELO, SREL 64 AL EK/NATINE, SR WK 11 fros. xFEeE 11 FiE 10, AT
DAIAR L3 Hh (] 11- (a) HdlE oA KA oK. M 11- (o) BIBIR A2t B o BRI T $ s
A, Bachnorm JZ 1115 &/ BB IA R GG EIE 1 0 A . X T R0 S, TR I TORE B0 48 1 A0 2 e 5 1)
HHE PR 2= N, 2 A N BN U0 R A R ) R AR IE (AR E A K. T EE A S,
XFPRE IR 73 AT IS, 23 7™ B 5 M) X 25 (1) I 5 o
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11 5% Batchnorm iH 55 VI F IRIE S, ()« (b) « (o) st RiE 2 PSR S AL B. C
Fig .11 Patches amplitude statistics of training sets after Batchnorm operation, where (a), (b), and (c) correspond to data numbers A, B, and C in Table
2, respectively
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Fig .12 Batchnorm discriminant network
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Fig .13 Training results of Batchnorm discriminant network with different data
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Fig .14 Training results of DnCNN networks with Different Datasets, where (a), (b), and (c) correspond to data numbers A, B, and C in Table 2,
respectively
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Fig .15 Training results of FCDNet networks with Different Datasets, where (a), (b), and (c) correspond to data numbers A, B, and C in Table 2,
respectively
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