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Abstract

Near-infrared spectroscopy, owing to its rapid and non-destructive advantages, finds extensive ap-
plication in agricultural product quality analysis. However, high-dimensional, non-linear spectral
data poses challenges for precise classification across multiple varieties. This paper proposes a
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near-infrared spectral classification method based on the Segmented Independent Convolutional
Attention Module (SI-CBAM) for the identification of 24 barley varieties in Ethiopia. Addressing bar-
ley spectra’s characteristic gradual variation without distinct absorption peaks across 740~1070
nm, a physically meaningful segmentation strategy based on spectral derivative analysis was de-
vised. This divides the continuous spectrum into four sub-intervals exhibiting distinct variation pat-
terns. Each sub-interval is independently embedded within the CBAM module, where adaptive re-
inforcement of local discriminative features through channel attention and spatial attention en-
hances the model’s sensitivity to subtle spectral differences. Experimental results demonstrate that
SI-CBAM achieves a classification accuracy of 0.8333 on the test set and a cross-validation accuracy
of 0.8452, significantly outperforming Random Forest (0.3194), Support Vector Machine (0.7194),
and the global CBAM model (0.8000). This research demonstrates that integrating spectral physical
segmentation with attention mechanisms effectively enhances the discriminative performance and
model interpretability of near-infrared spectroscopy in complex classification tasks.
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AR, ELLAMGREEOR, PILTRIE. ot RIS, &g ZRH T4, T, &M,
PR 255U 1]-[4]. SR, JE TG H e AT 2 oM 43 S0 TH I SB35 Bk AR . T4 1 — 4t 1l Bt i
THEE ETANMEE, ERIIRER, HIESZHEMEAS . P RIRES KA T . RS> 4
FKITESC R EALS] [6] (Support Vector Machine, SVM). B HLARH#L[7] [8] (Random Forest, RF)%5 7E AL 2
IS e ARLRMERE R, AR T N TARHIE SR HCS B 4E RO (00 3 B i), LA ARtk B
T N AR S0 43 2 B HL N T R U B, S EUEAL B 2 2 40 AT S5 I MR RE S R, BN LR
N

NPEIRIX — AR, AREHFGIAE RN FERAIPUEI9]-[11], Fk%C BAR R NS5 A %N
IR, (AL ARG AR TR IR B B, KA BRI T B SRR SR AR TR S A R I X o, [ I 41
GRS B AIALEE . B ARVE R IR [12]-[14] (Convolutional Block Attention Module, CBAM) & —Fh £
SRR AW e AL, e S RV AN R T i B i B, IR R R RV
i [7] — 18 38 A A [R]85 B X ] Y Bk

FEMCEER b, BT 5 P T 0 B EE 1Y) CBAM VER M %%, H T KZ2 i 44t
KiK. T RIDICIBLAE 740~1070 nm Y0 H N EBEAREON V22, ToHRISBIRIIE, o4 Rk
M DLFE 73 4248 FLA TR P B] 22 5o BEXTIX — 4R A, ARSCR A 7 BUE RS, RS G IR AR ARy
PRI 3 s T HA WS W 7 X TE . BEfE, ERASTIX RN N ER 730k A CBAM 73 & I HUE 6 7y Bt
37 CBAM ZE#4(Segment-Independent Convolutional Block Attention Module, SI-CBAM). %2214 ffi 151 714 G 1%
RAET AN A 1 B ) JR S RURFAE , AT 2B U EL A I (S B . 7R 0 R T 43 BUR K 1)
iR SEER TS, SEI TN 24 AN R MBI TE A ZE S i R BRI o AN B TR ) IR 1% TV ) I
UK. BRSO, JRE S REOCIE SR R SLIR 0 T, BAE AR TAE G AR ) TR I AL
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ZEE RS 1200 17 PR ZE MR EL WK FEREAS (AL 2L A6 0 I 250 » ¥ ot 24 R A [A) R 22 i AR A [ 15]
JEIEALE 740 £ 1070 nm FACTERE A LA 1 nm 22 FICT . BAFEAR N —F A8 331 MK ARESOL
2. AWIT S ST I LMD SN 45 @ FEAR KR AP AR IR 728 . N PP RV e, SR
RS B At 723 LR U ZREE SR, W ORUIZRER 5 AR h 25 S AR 1 EL A1) 2 A
5 IR BRSO T B

H T BRI B S A R 2 RS 5 AL B RN T, BRI A I B e IE 25224 16] (Standard Normal
Variate, SNV)ZEATTALER . SNV BERSAT R BR BEIAF A BORE KA 2RO SO RE 22 53 BT SR IR SR 26
fmt% SRR, TGS eil 5 H AR B 2 B AR, IR e Se o A R et SR . &8
L SNV WL BE, BHEACHE 2 AR L, SR AR RS FI . KERIGEHES SNV
TiAL 2 S5 G HE S e an ] 1 BTR .
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Figure 1. Comparison of barley raw spectra with spectra after SNV preprocessing

1. KERIEAIES SNV LB GRS iERT

2.2. PEHLZRIK

BENLARAR[ 172 —FER R S HE, el 216 RN SR A R T S R pR . 15, AR AT
EEIBENL PRI AERKIEN . AT S, GBI AT A o P AR B 1, FER e A
A3 SRR B AT AL o B4 FRIAREAN -5 p (B R 50X N — 26 M), L2644 vk SR 42 L T i 1 b
VG . PR CBRIEAE T SRR 07 SBe RIS s B 5 4615 U FEAR 73 A . FERE
WUARMRAE T o, BEARA AR FH 2 S 1 5] I A R T AR o 380 2B R AT 2 B0 52, e e e MR
THE 5 KL R
2.3. XHFEEMN

SCREREAL18] (SVM)&Z& —Fhom K & 2= 1 5k, & M HFAEARBI19]. 5 5#[20]. @
fE[21]15 8. SVM B4 O AR 8 I -4 — N e 0T T, AN () 28 00) R AR 0000 o KB B 1 3 B
FF IR B e R AVHE P Th P A ) (B B o IRt R, IRIUME AR 4 2 7 T a0 B 2 Ah 3 S T8 B B8 T [l B L
AT 25, 43 BB P IEAKHR T TIA 5 EREE A, Bl “SZRFmmE” o SVM I 35 2Pk Wil B 45 4
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23 A R AR SR A G (R 7 B, T 3 s R R AR o e 1 5000 S5 3 4 3 P AU 5 R
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Figure 2. The overview of CBAM
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Figure 3. Channel attention network architecture diagram
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M5 & R F AR, 15 B P AL RS AE B . SRJE R IR BN, lid 3t
FIEE —ANFEUZ K2 2 EAPLMLP)AT Sigmoid B EU7F BIEANEE IBUE . JBIEE R AT LR
BN

M, (F)=o(MLP(AvgPool (F))+MLP(MaxPool(F)))

=o(m (1 (F5, )+ (7o (Fi )

Ht o Kox sigmoid &L, W, eRY™C, W, eR“, roN4imtL. Fy, M F;, 705 AR K
Wtk FVER, MLP B W, MW, A AL =,

24.2. BEEES

7% [B]E 7 J1H e (Spatial Attention Module, SAM )i it 2% > R AiE B Fh AN 22 (R4 B 22 T8] R AR ELAE FH ok
TR EFHERII R RGeS W 4 Fros, R N RHAE B 8T8 v e R R E . B e,
[B) 33 B SISO N ARHAE P R AT e R AL AT~ 33k B, 15 B s R A AP 35 AL R R B . SR 58X
PIANRHIE B PF Rk, @i —MZ KA A 7 I —4EBHR 2 Sigmoid B BIBEANF RIALEMAE, &
[EVE = WL AT LR A -

M, (F) _ o-(f7 ([AVgPool(F);MaxPool(F)J))
=o(f7([FasiFiu )
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Figure 4. Spatial attention network architecture diagram
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FEAWETCH, AV RHL LM REER (1 —4E e SR, X Jds CBAM RRBUEAT iGN TENE, 12
7 TR AT 4 CBAM A2tk BARTI S, AR AL — 2k BUR A 2 ()3 e o i —
UEGRRAE, FHONITBR AR S — 46, DA Rl HO6E 7 21 th A AR B IR A ek . X —
BSOS A DUE I A e BRI Sk A7 IWIERAR S, A AR TR AR A v SR AR T OB MR AU S5 AR DR B
[ th 2 PR TR SR SRR, R VIR SKIRIEY, IS RC R BE R IpLE 68
1 51 3 W 28 GRS IF 3mA X 7 A 25 00 B LR X8, MR SR THRE R PR RE A [ I, thg o 17 3
AR .
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3.1. 25 CBAM 4% RE

AR 4R CBAM 43 8RR AR N 5 Fim. w5, SR EREST SNV FiALE . Kb 5
PSR — SR EEERE N 3, 1A 1, frHisiE 32)4 AR, PR RRE B N CBAM i3
B, AR p B IE R ) S S A SR R . RIE R B 4 R A S 4 R ok ik
FEGE7S ) 4EE, SILE L EBRANAERGEEAE, SEPU E DRI B A R s A A S i E
YEFE AT T AL Stk BHERAAEK/NA 7 454 R s AL, 15 R4 RS T 2 M
e, RAETIGETHHEAHAMMER R XIR. K5, BINBUS RREEE A —4Em s, fAH=)E
EIERER IR AE N 25 256 — 128 — 64, &2 JEEA A —10. ReLU #i& & Dropout H2HLH 64 4
IR PAFIER IR A DRI EEEEME R 64 — 32 — 24, JZ[A#A ReLU #i% 5 Dropout,
i BT R AL, BB 24 NI IR UGS 7 (logits), 28 Softmax R ELS— 1k Ji5 153 21 - 255 T A%
R, NPT IR G, 4iERE R 0.2 #E2 K Dropout FE4E SN . YIZRd A2 ] Adam TAL2%, ¥IUh%:
A4 0.001, FFiEid ReduceLROnPlateau H LA R4 25K, BT sgd s /anl& 5 s,

Global CBAM model
256 — 128 — 64 64 —32—24
> > CBAM » —>
Input Convld Flatten Dense layers1 Dense layers2 Output

Figure 5. Global CBAM network architecture diagram
5. 25 CBAM Mg L514E

NRAIE4JR) CBAM M 8T, K S BEIARMRE) SCRFFEN(SVM) AL G 7 K05 158847
X b o RE 65 R ] 500 KRR SRS, SHE 40 240 BEHLIE 3 /331 ~ 18 /MRFAE; SVM AL R 45 45 244
B &0 5 2 T 2R Bl (degree = 3, C = 1, gamma = scale) UG5 PEAE . B35 1 W40, RF BASENNREE L
MHERI AN 03194, A8 UERUEIIME 0.2964, FRIHITE 4. EERMIGERER G R EA L, A
DU R ZE 24 AR R Ao s 2 5. SVM-2 T A% A B e o A B T F B0HE i o 22 v 4 2 ), A
1 0.7194 FHERIFR 5 0.7060 HI5Z XRAER 70, SRt AE — @R R LA, B R Re i Rk
B AT 3K AR N 30 73 T (PLS-DA) 25 5 5 SVM ARBL, HAS IR IE /Y 0.7488, #HEHFI %N 0.7278.
PERXTLE, KA 4R CBAM KRB 1) — A2 M 25 (1D-CNN) U I H BEAR 1t e #5520 e
HBRZRBOGIERHE, FE =2 R 64 4ECHRHME, B2 Rt 24 MRAIN1S
Iy o HAZ XIGE HERZIE 0.7976, MARETHE A 0.7611, CEIL VI A R 7r 2568 11, NG 4E5] N CBAM
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TR IPHIBE T R AT

M2 R, 2R CBAM FAENNR4E FIEE] 0.8 MIMERMZR, =& XIGUERS X 0.8214, % SVM-Z T
ATt 11.2%, B XIRUESA S m TR 2, SRR B RIFMZ e ) Shafatt . X — BTt
JHIRT CBAM BB 0 E 2 Ao AL - TG R 77 S RO SR A R ) B B AR DG IR e B, A3 ANYE
BN AET P B R R E, 3 W R SR B A M4 i v B A S BT B A3 1
MIRFIER N . & T BARPEREXT LLE W32 1.

Table 1. Classification performance of five classification models

® 1. Ao IRE S A MRE

SR RS 2 X HHIE HER %
REHLARAR 331 0.2964 0.3194
SVM-£ T, 331 0.7060 0.7194
PLS-DA 331 0.7488 0.7278
1D-CNN 64 0.7976 0.7611

2 RERJ] CBAM 64 0.8214 0.8000

3.2. SI-CBAM 4y 3148k

RUEE AR CBAM 4 LS B35 MR IRTt, (H AR A Yl 48— N AR IHLE], TR ZAA
A B AE i S e B E R . KFZIRA A6 (740~1070 nm)BEARECN 28, To i BB Ik
U, AEAN TR X S5k A AR Ab S R AFTE 1 22 (LA 6)0 A FR i3 80 RE (KR FI RIS B, At — P
H—F 2 Bor, CBAM ZE44(SI-CBAM), Ktihor BENE 5 CBAM VER JINLHIIR E AL & o

3.2.1. YEREREIT

ASCBLTE Py B B AT XS B

FWE A: U B 1 331 MK AR BRI 8 k Buk =4, 5), BB AN 83 (KEX 82)
Bl 66 (KRB 67). 1ZRHE I @A, AMKBULI AR, B ERIE 7 B A B i 2.

Filg B: BT SEIIARY S B XIS 28 P R H AR A AR S s s, BT E B
FECEE)S SR E), PG EES IR R, U E A BOa St . B IRIE

1\ T E - T8I P SR — W S 8 A0 SR NHE BRI« R S U R AT R
ZiG W PR F AT RALE, BT

2. BEER: GEHIESHCTEEE S XIBOESM:, ¥ 331 MEKSRIS N 4 AT X :
[740, 830). [830,910). [910, 990). [990, 1070].

3. XL REREE T

X35 1 (740~830): HILAMA N [X , He i M Z1—2.6 G 5 0 fHiT, — B 5 50 4a 6HE 5K (=0.02~0.05),
DA AR A F BEUH XA, RT BRI it 2 T AU B R RO AR RRIE ;s X 2 (830~910): %O FREIX,
— I FEEEEF(|A]<0.01), JEHRRREDN, ABURE S T AR R E IR XK 3 (910~990): iR
X, —BrSFEH IR ER A FE, G NIRRT, "R C-H AR S5, X3 4 (990~1070):
FREBRFAEX, — B SE 5 g K (£9-0.04~-0.07), ARALIE L HONRIZL
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Figure 6. Spectral curve diagram of barley. (A), (B), and (C) respectively display the raw average spectrum, the first derivative
(reflecting the rate of change), and the second derivative (reflecting curvature)

B 6. RENIEHLZE. (A). B (ODHRRTRIGFIARE . —MSFERREBLER)M M-S (RREZE)

3.2.2. SI-CBAM &g &Es

TSR SR AR S de T SR o o 2 AN E SR B X T (1 i PUAS 73 B, AN X A d i — A —
YRR R BRI XS I R ERFAE A ot B RFE B, PR RFAE IS CBAM ik, ARIR AT I8 IE VE
AR 3R, DUDORHMEZAT IMBOE . 285, RHMEEE A —4EmE, JFad— &=
133 18 N RERHFFAE. FrA 4y BU) 18 4ERHIE ) B4 P Pf e, TR 72 4RI R SRRl &, S 208 N7 26488
SERER R Horh, BN BRI AL R AR AT A FE A Convld (1 — 32) — CBAM — J&F — Linear (18).
IR = RN R, JEEE AR N 72 — 64 — 32 — 24; NEHEIG, ERZEZEGIA
THEZEN 0.2 1) Dropout #fE. IZiE A {EH Adam RALE, WILHZ I FE &N 0.001, FHiEd
ReduceLROnPlateau L&A F . SI-CBAM ({3 A5/ B 7 Fis.

DOI: 10.12677/0e.2026.162006 63 JEHLF


https://doi.org/10.12677/oe.2026.162006

Wi FH

SI-CBAM model

—» CBAM |——»3®| Linear

%
I

%

|

72 - 64 — 32— 24

O O5 050
Yododbo
(i o

TN 2SR
\L/

/N

CBAM |—— Linear

[] [0

Dense layers Output

Input
CBAM |—>

| Linear

Segmented extraction

Figure 7. Schematic diagram of the overall structure of SI-=CBAM
7. SI-CBAM KB AL R EE

3.2.3. SEREERIH

H 2 AT, DB RSP SI-CBAM HU43 T FefEPERE: 28 XGIEHERA 2 0.8452, MR EEHERA 2 0.8333,
14 CBAM $27F 4.2%, # SVM-ZIRIETF 15.8%. X —45HRIE, 7860 ih 2% 722 0o B g
AL T, T 6 AR B IR B S 7 B SR e 0% 5] 00 3 R SR AR T R 1% B o9 1 R S A e A
T $ E 38 L 4 o A 28 L 5 S A PR RRAE

Table 2. Classification performance of the Segment-Independent CBAM model
7% 2. SI-CBAM #&EIH9 5y £ BE

DRHVE RHES 3 X HHIE R

2% CBAM 64 0.8214 0.8000

4 BrF#) SI-CBAM 18 x 4 0.8274 0.8139
5 BtE# SI-CBAM 14x5 0.8274 0.8000
4 BIEF34 SI-CBAM 18 x 4 0.8452 0.8333

EASERME, DB SI-CBAM (F[AIRR 43 B BB (58 X BGHIE 0.8274, #HERAZE 0.8139) %K T 1Y
BRSNS, BT 45 CBAM BLBY . ix 3R], R CWEeie iy s o, wWatiEd “aimia
27 W B REBE T, Bk T 0 BRI A S (1 8E i . 28T, FerkgeA LRSS By, it
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