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Hyperspectral image classification method based on
multi-scale proximal feature concatenate network
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Abstract: Aiming at the phenomenon that the hyperspectral classification algorithm based on traditional CNN model was
not expressive enough in detail and the network structure was too complex, a hyperspectral image classification method
based on multi-scale proximal feature concatenate network (MPFCN) was designed. By introducing multi-scale filter and
cavity convolution, the model could be kept light and the discriminative features of the space spectrum could be obtained,
and the correlation between the proximal features of the CNN was proposed to further enhance the detail expression. Ex-
perimental results on three benchmark hyperspectral image data sets show that the proposed method is superior to other
classification models.
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A FARELL, ANF7 AR Z R IR S B A& 7%
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Horb, GARZBRMITEZIESZ S, G s b —
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AR, BEAASN 2 REIEP A,
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L - S BN F= BN | ReLU |-> 7x7 | BN | ReLU@»
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4 2 RPBEME IR AL 99 20 A PR R AR 54

gt JLRBEWN . H58, HESS T (PCA,
principal component analysis) 22X} i 46 = G i B4
HEATREAE, I oME B BB KB K5,
ARG 3 KRB oy, SEHUH R RS A 73 R IR
P (patch) . X 28 patch K29 i A 2 RUEEIT b fik
PHEM 28 TP AT RAESRIOT 4028, DA 3 de 2411
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SPEJIBALZ A Softmax 43284 . Horr, RN SGEEY
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Wiy, A DAt (1) 2 ROBESEIR S ARy i hr, B
s 2 RO uEi 28 B = 80e, s —AMEEER gk
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MG . BRI R ) b 145 5 %% 145 155, A
BEHERN 20 ms JGilPBAE 220 4%, HpKE
FI4 0.4~2.45 um. ASCH KRR B 2: Bk, )
IP AR R AR R 145 235x145 155
200 145, HALE B SR AN 16 .

2) PU (University of Pavia) #(#54E. PU %
202 ROSIS HGGHEALAEMGE K2 253K
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Cl Alfalfa 46 1 Kappa 2% (KA, Kappa coefficient) 3 b5
@ Comaont s o TR BENLN IR, PR EC A
c4 Corn 237 AT 10 IRSEEEE R T IME . AEZREE IR 7y
¢ Gp i B ARSCABIE P RS PU SRS SA MO
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P gg Hay’“g‘;imwed 42708 10 249 TR R4 90%- 96% AN 98% [P FEAAE A MR AEA
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c13 Wheat 205 PRAEIEFEAT 5 N B, 3 MBI LS A, HERS
gi: Buildings—G\Z(:s)—d;rees Drives 1328665 iéj iﬁﬁj{j 32, & Iﬁ /ﬁz:j:ﬁi/}jiiﬂ% BJE*ILEE)_E‘F IK% ( SGD’
Cl16 Stone-Steel-Towers 93 stochastic gradient descent) V%, #JUH2% 1% 4 0.01,
a i oo SR 0.01 SIERUCHZ b, BRI
a3 Gravel 2099 150 Ko ASCHE P2 00k BOR B oAt LY 5 v
PU S: PaimedanleeTZl sheets ?22: 42776 LLBLPY 7 THIXT MPFCN [ REREAT 70 -
c6 Bare Soil 5029 3.3 HNESHELIER
c7 Bitumen 1330 Z’K%‘b o5 K TR o T M
TN patch USRI Z8 AR R (et i)
C8 Self-Blocking Bricks 3682 et e LT R e
9 Shadows 947 2 RS PEP 2R AERED P95 T B T S BOE I SL S,
CI Dol grom weeds 1 200 BRI patch JSF o6 & B R O
C2 Brocoli_green_weeds_2 3726 o o N .
a3 Fallow 1976 2R &AE B, e TRIAME B E D Mgk
C Fallow roughplow 13 BRI YSE T RE7HRIKEIE MG HOH S G
c6 Stubble 3959 HARSZEG 7750 R o
7 Celery 3579 ASCAYRIEEL 77, 13x13, 27x27 iX 3 4 patch
SA C8 Grapes_untrained 11271 54129 e e et AL s R
€9 Soil vinyard_develop 6203 TR TSEE . 7520 RO e AR e O ], FH
C10  Corn_senesced_green_weeds 3278 STZ AT = M4 N R S 7 B A
i Lonuee romsine. uk o6t ?%@W&E n’Jj R, BRI %R‘&Zﬁﬁﬁz%ﬁ%
c12 Lettuce_romaine Swk 1927 e, FHEEIRGHR S48/, A SURYE patch
I3 Latuoe romine ok 916 FsF, AR RIS B, 4 i
ettuce_romaine 7wk 1070 e B Lt A AP,
Cl15 Vinyard untrained 7268 EX%RE/E/BZ%&*%&;&%} 2. 3.4.5 1&1T‘{lﬂs”‘bﬁo E 3
Cl6 Vinyard vertical_trellis 1807
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=2 IP HIRESHEMIR
Z PSRN A YA patch R OA AA KA
5 27x27  9851% 98.50%  98.31%
27x27  98.48% 98.42%  98.27%
! 13x13  95.89% 95.65%  95.31%
27x27  9843% 97.86%  98.22%
3 13x13  96.43% 96.11%  95.94%
7%7 83.13% 82.51%  79.66%
27x27  98.03% 96.31%  97.75%
2 13x13  95.85% 95.69%  92.26%
7x7 85.86% 84.32%  83.93%

*=3 PU $iE &£ S EMIX
% DB A A patch R~F OA AA KA
5 27x27 99.57%  99.14% 99.43%
27x27 99.50%  98.84% 99.34%
! 13x13 98.29%  97.65% 97.74%
27x27 99.40%  98.62% 99.21%
3 13%13 98.56%  97.70% 98.10%
7x7 92.49%  90.46% 89.91%
27x27 99.08%  97.83% 98.78%
2 13%13 9830% 97.67% 97.74%
7x7 94.28%  92.59% 92.36%

x4 SA HIRESEMIK
% R JEUEP AU patch ST OA AA KA
5 27x27  99.70%  99.71% 99.66%
27x27  99.78%  99.73% 99.76%
! 13x13 95.97% 97.77% 95.51%
27x27  99.70%  99.70% 99.67%
3 13x13 95.09% 98.03% 95.44%
7x7 90.44%  93.58% 89.34%
27x27  99.51%  99.49% 99.45%
2 13%13 95.05% 97.45% 94.48%

77 90.77%  93.32% 89.75%

M 2~ 4 FofLLE W, B2 REIER
BEER A patch JOSFIO3E N, 3 AN S 5 1) B 44 43
FRE LS LI IN o A ] 32 22 ] PRI A A A i
6L T, patch JROFBOK, OA. AA. KA 8K
FEE 5 patch JUSFIITE UL, 3802 U8 2 A%
B Sl AR Ay R RILB D BT B Y
JE FFURIE BN IS, 32 R T X 28 AN ) R 5 E
R v R A s R IIURE B R AR JE R HAE TR

Gy IR 5 28 3 S 45 A0 s i

SIS S RAUE B, AR SO R D7 v i i N
fE R SCIRIIR R, $Em T S WA E SRR
(ORI, 2k T B BCSERS 4h (1) 25 [R) G il R R A5 L
W TE T R RE . AR, SEE0 S5 AR IR A
ST X 2 AN T BEE A — AN ik TR I 4% 5 4 gk ]
DU B0 = 1) 50 JORG BE, b A T ik IR 9 28 Pty >k
(RS FEE VBRI 45— R 1) 5 5 Wi 5 £ 43 S 45 B 1 e
3.4 H5EMARTENIER

T 5 MPFCN [5G EEME, AL 5 1
Al 4 i BT 7Aoo S EE A B AT TR LA S/
FEARG DL N IR0 RAARAT R L . 4 P 2B 7384y
5 SVMEL, 2D BRI L (DCNND PO %
ZEM 4% (ResNet) VLR AB45 K% RS B 2 k0 4%
MCNN (multi-scale CNN) . & T S if it AT XF L,
ResNet. MCNN FI DCNN [ A patch X~ &S
EHY 5 MPFCN AH[A],  HAk AR ES DL RS rf
AEPRE SR 1 ik, HRWE S LR G
SCHRIFATWCE . 78 3 MRS, 20l TR
GRFEABE ] LT AR5 7 b fe
341 HREHEER

ANAE TP B RT s, BALIEE T
10% I VIZRAEA, FHK R4 90% A Ay IAAAE A o
6 7N T TP B 4R (1 M) I U FNAN [R) 43 2K 7 1%
(15

(d) ResNet
K6 1P HHRA I HL AL EIRIUA [F) 23 K7 VR 1K 73 2

(¢) MCNN (HMPFCN

ME 6 i LLEH, SVM 83 m iz, H
FEAE NI 7, X2 R A O R A 43 2 7 v,
ALBE 122, AN 2 DA R ' 1 AR 52 2R 1) ) i
AR TA) A3 AT o A LG FH 1 T I % A 20 2% P88 SR 4 E B
Z J 5 FF1E ) DCNN il ResNet, MCNN Al
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MPFCN A H 4 ()R AR 56, AR ST ¢ MPFCN 7%
A5 RIS LT MCNN, g0 LU ks i M %o
NGARFAT I, IR M I R 1 T AH A
M. £ 5K 6 45l T AR5 ST7 2485 1P
AR LI 2 B M 4 AR K, FIFETT LUE
1, {# ] DCNN. ResNet. MCNN f1 MPFCN fif
SRELI 20 2R 15 1 AR T SVM 14 85 % (OA
M 75.07%), MPFCN Hi T8 i 78 73 # R H T % )2

IRNG B, OA TEE] 98.51%. IbAh, 2 6 JER
TR AR 1P B P48 .

7E PU HHs4ERT SA Hdinde AT I LU st
I3 MIBANLIEE 4%F0 2% FEARAE A UIGRFEA, R
96%F1 98% [MIAEAAE Ry MAAFEA . & 7 KL 8 43331
JER T 2 B A b A 1 DA S AN ) 43 2 73
(K, 3R 7~38 10 Wgh B T AR 2K 1058
ST A RN G B A 2 B ST L s

GRUEEL, JF 5 INEsRAE R SO R AE MPFCN 7£ PU 4R SA $idhide (1) OA 45,
x5 REDEFZHX IP BIREENEESTER
25 SVM DCNN ResNet MCNN MPFCN
Alfalfa 37.21% 100% 96.34% 95.93% 97.93%
Corn-notill 77.60% 98.17% 97.20% 97.17% 98.52%
Corn-mintill 57.54% 93.04% 97.05% 94.24% 96.90%
Corn 60.29% 100% 99.77% 98.59% 99.84%
Grass-pasture 90.40% 97.01% 99.20% 96.55% 96.27%
Grass-trees 92.89% 97.49% 97.95% 99.49% 99.59%
Grass-pasture-mowed 86.36% 94.00% 100% 94.67% 99.8%
Hay-windrowed 97.90% 99.88% 97.90% 99.84% 100%
Oats 55.05% 96.875% 100% 97.92% 100%
Soybean-notill 50.45% 96.34% 96.80% 96.42% 97.75%
Soybean-mintill 72.16% 98.44% 99.30% 98.43% 98.30%
Soybean-clean 50.56% 93.16% 92.98% 95.94% 96.50%
Wheat 93.86% 100% 98.91% 95.83% 98.73%
Woods 89.00% 99.12 99.52% 98.60% 99.94%
Buildings-Grass-Trees-Drives 48.02% 99.14% 99.86% 99.90% 98.27%
Stone-Steel-Towers 91.67% 91.67% 88.71% 96.03% 97.62%

x6 REIDEFEE 3 IP BURER D LEEE
Tiik 0OA AA KA WS HH =
SVM 75.07% 71.65% 71.52% —
DCNN 97.50% 97.15% 97.15% 1109 776
ResNet 97.97% 97.41% 97.69% 11002 320
MCNN 97.62% 97.22% 97.29% 43402 288
MPFCN 98.51% 98.50% 98.31% 12 593 104

(a) MWK

(b) SVM (c) DCNN

(d) ResNet (e) MCNN (f) MPFCN

B 7 PU EdnaR it A BRI ] 23 2605 ¥ 10 50 S B
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(a) Hu 2K (b) SVM (c) DCNN (d) ResNet () MCNN (f) MPFCN
Bl 8 SA B AR I I PRI ANAN TR 43 07 1 K 3 S
=17 AR EFFH 3 PUBIRENEE D TER
eS| SVM DCNN ResNet MCNN MPFCN
Asphalt 91.66% 99.68% 99.99% 99.35% 99.64%
Meadows 94.91% 99.92% 99.93% 99.20% 99.92%
Gravel 71.37% 98.81% 97.94% 96.67% 99.06%
Trees 85.00% 90.38% 92.39% 98.22% 98.07%
Painted metal sheets 99.00% 96.39% 95.91% 99.77% 99.76%
Bare Soil 68.09% 100% 99.81% 99.15% 100%
Bitumen 49.41% 99.40% 99.78% 98.72% 99.10%
Self-Blocking Bricks 86.76% 97.90% 97.93% 98.92% 99.24%
Shadows 99.89% 85.77% 85.12% 98.17% 97.52%
*8 REDEFHZE I PUBIEEN S EREE
Jii: OA AA KA WS HH A
SVM 87.52% 82.90% 83.28% —
DCNN 98.54% 96.47% 98.06% 1109 776
ResNet 98.66% 96.53% 98.22% 10989 129
MCNN 98.98% 98.68% 98.65% 43 396 841
MPFCN 99.56% 99.14% 99.43% 12 583 497
9 RE S EF X SA HIREHNEENTER
i SVM DCNN ResNet MCNN MPFCN
Brocoli_green weeds 1 98.62% 100% 99.78% 100% 100%
Brocoli_green_weeds_2 99.86% 98.83% 99.87% 99.98% 100%
Fallow 98.86% 99.63% 99.16% 100% 100%
Fallow_rough_plow 99.34% 99.74% 99.85% 99.82% 99.96%
Fallow_smooth 97.25% 99.56% 97.68% 99.79% 99.74%
Stubble 99.82% 99.74% 99.75% 99.98% 99.89%
Celery 99.40% 99.64% 99.86% 99.86% 99.58%
Grapes_untrained 89.69% 99.49% 94.28% 96.26% 99.45%
Soil_vinyard_develop 99.21% 100% 100% 99.97% 99.84%
Corn_senesced_green_weeds 92.75% 99.98% 99.76% 99.09% 99.82%
Lettuce_romaine 4wk 91.51% 97.76% 97.87% 98.62% 99.14%
Lettuce_romaine_Swk 97.72% 99.68% 99.81% 99.62% 99.87%
Lettuce_romaine 6wk 98.56% 99.58% 97.29% 99.83% 99.86%
Lettuce_romaine 7wk 91.78% 99.45% 99.49% 98.67% 99.18%
Vinyard untrained 45.70% 94.51% 98.99% 97.37% 99.52%

Vinyard_vertical_trellis 98.26% 100% 99.98% 99.77% 99.48%
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SVM 89.21% 93.65% 87.94% —
DCNN 98.91% 99.22% 98.79% 1109 776
ResNet 98.36% 98.96% 98.18% 10 994 640
MCNN 98.95% 99.25% 98.84% 43 402 288
MPFCN 99.70% 99.71% 99.66% 12593 104
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