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Abstract

Various deep neural network models for image classification have developed rapidly, but deep
learning models generally cannot achieve good out-of-sample performance with very few training
samples. Texture is a key feature of medical images in image recognition, we use GLCM to extract
texture features from chest X-rays, which are fused with the features extracted from pre-trained
ResNet50. Finally, a machine learning classification model is used to recognize pneumonia from
chest X-rays. Among the seven classification algorithms in this article, the best results were
achieved using Logistic Regression. The classification accuracy of the model is 80% for features
extracted using only the GLCM, 90% for features extracted using pre-trained ResNet50, and 92.5%
for fused features. The experimental results show that compared to the classification results using
only one method to extract features, the fusion feature re-classification method significantly im-
proves the accuracy.
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1. 518

Jifi 9 & — PRI RE AR . ELBR . TREESE SRR AR JOE . BRI RAE W, 2 RIEEANFL
HERIE R ZE M NFET, ROL™ BRSO A W Re fE KA. B X S 2 rh T B IR I G 12 il ¢
IS SARAE, FEMG AR m ], R4 TAERE S E, R S B2 W pOA #5710 7

X TR X Ot A it o VR, A G VEAE R R 43 2 I R B S TR AT R SR AL, AR R 4
FEW, SCPIEE ER BRI R BRI . (& SAHERI B e, 808, BR=T5m. T
PRI 2R3, SORRHE L EE . RSO RHESR O R A HE K B A FE(GLCM) [1]. &8 oo
F(LBP) [21F0 77 [a1 46 5 B 77 Bl (HOG) [31%% - Thepade %5 [4T3@ ik THE M X 26411 GLCM SkiEELStit
SRR, F% R RS IR G TR, UK GLCM FFAEF T Il ZRp L% 2% 3] 73 25 B A4 il g kR 5
fili &R (1) COVID-19 J&#% . Fernandez-Grandon Z&[S1i@ i $2HUIHE X 6 H (1) GLCM Fl HOG H#1E, #E#infE
FRAE IS 1 BN LR 22 2 B0 2833547 COVID-19 At 28 433, 759 3 3 5 1) B AL K R R A 93.73%.
TR IM[E]E A LBP 532 DA R K 8 e A A R SR R B G R 5 il DX S AR AE 456 SRR ) AL il P45
BEAT IR . Hafner ZE[7142 H 7 — ML LBP ¥ v TR B A EG /st mi:, FEmH Kk - &
8053 R TBOR A B R R RFIEEAT 40 28, AT EO0LEL A R

YEN B BT THEARL G 2 S0 R T 705, IR ) T ER I K SE 4 )], X — RV TTEAMYL
TEHF 38 FE I R AE SR B 23 207 T I BCR B, WAEBR = BB BUS T — @ IR . BT %I
PRI RE AR s FTDAAH LR IE EUE, 2R R R AR SR O FE B K o (R IR FE AR 42 I 28 5 A 5 K IR
MBS ERE J1, KRB AR USRS RIS AR 2 I 2 g B BB ) Atk T HEA R
UFRIE R . teAh, I KRR S BRI SR CNN BLRY 2% 5] R TE BB 7 FAT AR A H
I AT =2 BG 43 FE IR BN KR I S8 11 o WF FCAIE B ResNet50 75 15 1 il 45 5 Thi A3 #0193 77, Narin
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SE[BJEESL T 5 AN T B AL W25 A, FH 16 G I el DR B i 28 S8 3, T2 ResNet50 A5 A1 4
BET Fm i RE . Ayan ZE[914E HH — RS A Z I 25 (CNIN)AE R /7 v FH T L il 26 161 1 3z b,
7 ANTRINZR CNN B HEATIE R4 5], ResNet50 /& 3 M RIh IR 2 —, &5 [10]1# ] ResNet50
PERTUNZAERL, B VREE M2 24 Bt anss oy, Ll Bd it 2 CT s 38, B S5 [11]
{8 FH ResNet50 Al A= JLIH 48, FESGIESE bR 214 3 91.18%.

AR, BT/NEARREG R 2 WG R BRI Ry e 8, B TIRES ), XRFE NI
SRUR L2 WX 284341 2 52 B EUHE B R/ IN JORE AR 254 I L) R0 o R 25400, 00 1R SR B S R )
— 5T, RS M EGEEFERSER, X R ERRAAGRHE SN BT RE, bR A
Wm0, mTEZEGSWEEEE NGRS, EUESRBCERE LK. Britkz 4h, g
LR EAL IR ER IR S, BT E RS AR T RN IR BT RIR A, Wl R A AR
UG HE, 71548 501 R S BL M 28 PG R A 23 2R R BE L 3

FER A, RRAESR 2r SR DGR, FRATTRT DA A% G2 7V 5 VR BE A 22 I 4% 43 B IURRAE,  FEa3EAT
RRAE R G BT B 1 R AEEAT 78 70 B2 L, fJo 8 L8 2% 20 70 SR SE I 8 R0 o AR SC AR AVRFAIE
PREUOA R, 6 REE T /MEARTE DL T IOES X 62 m U 2 0 70 2 inl . SCE N
REEMZHTS, 58 2 A T RBEILAERERE DL R A G Gert EAE ARRE AT It 2 R 5 2R, 28 3
FTS 24 ResNet50 [ 26 45 4 J ) FH 12 W0 28 S UKl SORFAE JEAT il 28 R I 45 2, 38 4 945 R B R IEAE 2
FIHLAS 5 2] o R EE T ISEIR 45, BJGTESE 5 A 4R,

2. IRPE LA FEREHFAE
2.1. MEEER

IRFEFLAEFERE(GLCM) Gttt J7 2 20 20 70 A0 R. Haralick S8[1]42H . KFEILARERE & X
R FE—IKRE R, IWKEE | G E s R, BEES N (dx, dy) 1953 — MR R SR EE N § SR JHLH0
FiEAN:
P(i,jld,0)={(xy)|f (x,y)=i, f(x+dx,y+dy)=j, x,y=0,1---,N -1},
Hp, d RAGRBERRIMEES; 0 —BEEIUA T, 25807, 45°, 90°, 1357 {3RR~EH,
i,j=012,L-1, L NEIBKES: (x,y) NEBH B RLR.

x 90°
135° 45°
S (x+dx.y+dy)=j
dy \
> 0°
f(xsy)_l dx
y

Figure 1. Geometric expression of GLCM

B 1. REHEIRELRE

1 R x TR EE IS, y TR BRI, | (xy)=i AR (x y) IOGEE, A
et B (dx,dy) A f (x+dx, y-+dy)= j IR BT (dxdy) MREBEARR, 4S80 AR, —
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ek 00, 450, 90°, 135°, FEH WA .

TR AE LR, — A B NIX 7 SO IR, TR T el d — a8k
NG IR . AEIX RS 200 R AN St &

1) %FHE (Contrast)

Contrast:Zi:Z(i - j)2 P(i,j)-

Xof EURE BB S T REAME B A SR F A S B R LU 0, BV AR 1 37 Bl 5 R SO ) SO )
FREE . SRR FE LA B A B X M 2RI e 3 A BORAE,  BPKFEZ R ExZ, Ul B BREEE (A2 k
R, JU Contrast 2 AHARHUE . H A&, SURESGRER, HXTLLEGEOC, W RORBIEN: k2, X
FEEE/N, WRASUHE, RO .

2) MFE(Dissimilarity)

Dissimilarity = > >"[i - j|P(i, j)
]

THEXTLLEER, A B AR R o 2 5000 A A R B AR 07 S KC, nRsoy e 3G, TIA3 214
e
3) fA—Br4E(Angular Second Moment, ASM)

ASM =ZZ P(i,j) -

A RO K S ARG M TR BF TT A Sk T EHR AR L o3 A ) SIRE FE SRR A . MR AL
PR LGRS, AR JL AR AR M A E AR AR S — (B 0, IELRKFEAE S, (EETIEX A IiE: 4tk
MIEMER, (ESEPE B AL E), I ASM AEAE, # K FE LA SRR b (B 40 AT 835 2] (n g 75
FPEERER), W ASM HEUNEIME
4) gEE(Energy)
Energy:J,DS_M °
5) H#HH3=(Correlation)

Correlation = Z.:Z,:(P(I j)z (i—Mean)(j- Mean))/Variance o

Horp, Mean:Zi:Zj:(iP(i,j))/Lz, Variance:ZiJEj:(i—Mean)zP(i,j)o

AR | BUR SR — e . iR EUE A K g, WKV 75 A 4ERER) Correlation KT
HARFERE) Correlation {8 . B 87 [ K B LA R B S RAEAT B8 U7 o) B ROARADMR R, BRIE, AHSGME K
AN B R AR FEEAR M . SRR RS SRR AR, AHSMERI R AHS, A SRR R T R B AH 2
TR, NAHRAA N

6) ¥ 5% (Homogeneity)

Homogeneity = >~ 3 P (i, )/(L+(i- )7} -
i
W77 T BRSO R A RN, 4 B SOR AN R KRI850, A2, 1075 2408

Ky RZARBISIEG8T7 ZEB N SXF LA &, 38077 22 (I BUE 4 7o 3 EL-5 00 F 4 1 B B A2 KT
s, I B PR EOE A .
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22. &R

ASCE ok E kaggle Wk it — R AL, H oG4S TE 5 Iw BR R i 28 MR PRI . B BILIZE 43¢ 1 M 1]
Jv HE 28 R & 100 5K, 428 8:2 K A ISR, BIIZREE 160 5Kk, WliA4E 40 5k, FRHARR
SR TS 256 x 2560 LA SEE A A AH [F] (R I 2R A 5 AR

SRR A 256 x 256 ] Fff ] Skimage Feature H ) Graycomatrix p&%, 7EFEE N 2 HIIEML T,
THE 07, 45°, 90°, 135°PUATJyiml AR FEILAEHRE, PRI Graycoprops Bk, 115%f b B (Contrast).
AH 5% (Dissimilarity) . £ B4 (Angular Second Moment, ASM). fE & (Energy). H#i>%<(Correlation). ¥
Ji #%(Homogeneity) /SN Giit & . S ZAREK I v Geit B RN T7 18 ERFIME, AR AR 3L AR
FEREAS BN REK I R T SO BN ANRHIE . X, FRATAROFHEZ R IE A, I 5% A REAE ) 73
2k R I T EIR BB , 48 F KNNL 248 [B] T, eS| S Rr A B 4L BEHLAR AR . XGBoost. LightGBM
Iy RIERHEAT N ZRANMNR,  SEge4h Rk 1 R

ROC Curve
1.0 [ i
/}'l‘/ ’//
0.8 - I/
P 7|

——— KNN+AUC (0.8250)
—— LR+AUC (0.8625)
—— DT+AUC (0.6500)
——— SVC+AUC (0.8475)

True Positive Rate

RF+AUC (0.8550)
XGBoost+AUC (0.8400)
Light GBM+AUC (0.8788)

0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 2. ROC curve under features extracted using GLCM
2. TR FEREIR ERAFAE THY ROC iz

Precision/Recall Curve

1.0 { — kNN
— LR -
s DT \
0.8 1 sve c
— RF‘ AL
g 0.6 — X.(rBoost
A = LightGBM
B3}
£
& 0.4+
0.2 4
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 3. P-R curve under features extracted using GLCM
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Table 1. Classification results of features extracted using GLCM
e 1. REFEIEFRISHES LER

KNN BB E A VRS X R EHL REHLZRM  XGBoost  LightGBM

ACC 0.750 0.800 0.625 0.800 0.700 0.775 0.775
P 0.813 0.833 0.632 0.800 0.722 0.789 0.824
R 0.650 0.750 0.600 0.800 0.650 0.750 0.700
F1 0.722 0.789 0.615 0.800 0.684 0.769 0.757

¥ ACC R (accuracy), P R nFEifi# (precision), R F~H [Fl%(recall), F1 3%~ F143%3((F1 score), P. R.
F1 3552 il 58 UG N IE B 0 T 45 5

M L T RUE B, AR AR S AR AR R B URE IS L T, A R 8 8 (B R SRR ) E AL 40 SR AE
LR R B T B I HERR R, 455N 80%.

MR BAR BB, EAFEM B EEE . ROC Hi 2k (Receiver Operating Characteristic Curve) 1% 5 i
BT M A R 7 AR I R, B BN T AEAN A IR R 2> 248 I L BH 1 % (True Positive Rate, TPR)FMR H 4%
(False Positive Rate, FPR)Z [A][FJOC R . 18] 2 oMK B LA R0 FEFEHURFAE T 1) ROC 2k, b ROC HiZE1H
MEARAR N FPR, TEASCH IR IEH B il ) il o BRI bl AAbR TPR, FRoRBTA i 28 %
H R TR H SR AR B

I 2 FAT LB, ROC Mk L m T MLk, eAIAs XA, NREAR I 10 23 25 B i vk
A, {HZM AUC 255 ERTRAIE H, LightGBM BRI AUC 5ok, #Eitb AW/ Bt pe el 15 3 Ak
FESLAR R RESEHUCRAE N 1) P-R #iZk, wTDAMH TSR REER TR S H R 2 MR . HE 3 iTLUE
t, AR 0.9 LLER, LightGBM BEIBYFERSAZ b iR ILAR T HAd AR .

3. ResNet50 434
3.1. ResNet50 MI4g &5+

ResNet [12J33 71 A 52 2 STAE AR AR YR RERD 22 I 6 I S AL 0 1, 2% ST RSB 4 .
BB A A W M (x) . 4R IR £ A 54— AW, BB T LR A
F(X)= H (X) =X » B SHTHIEI 2 HOBT H (x) = F ()4 X » BOBHB% 2 WU AR T IS8 IO 2 38
ST, BN 0 BASIE,

k=1*1

i relu

k=3*3

identity l
relu
k=1*1

weight lager
F(x) i relu

weight lager

X

relu

Figure 4. Residual block
4. FREF SRR

ResNet #& ) T TN BRI 5 43 5109 ResNet18. ResNet34. ResNet50. ResNet101. ResNet152.
FEA T FIRATE 3 ResNets0 1F AHHEHRELES, K 5 4 ResNet50 P& £h#)
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CBR = Conv BN RelLU CB = Conv BN

CB
bottleneck_d

CBR | CBR CB RelU —>»
bottleneck —>» CBR | CBR CB —)é% ReLlU —>»

layer1 bottleneck_d bottleneck*2

layer2 bottleneck_d bottleneck*3

layer3 bottleneck_d bottleneck*5

layer4 bottleneck_d bottleneck*2

Figure 5. ResNet50 network structure
5. ResNet50 P4k 4544

ResNet50 % N4 & 224 x 224 x 3, R~} 224 x 224 () =3@IERE Fr o 1262 layer0, XFIM7E%
ANB R ESATE, H—AN 7 x 7, KN 2 FGERZ . #it)3—1L)Z (Batch Normalization, %14 BN). ReLU
WG RN 3 x 3, KA 2 MEKEMZEHR, £ 5 ResNet50 W45 H13 7"~ CBR 1 MP
(Maximum pooling). layer0 it K/NJy 56 x 56 x 64 [FJRFE K .

HURAMKNGF A2 layerl. layer2. layer3. layerd, 43%lfH 3, 4, 6, 3 bottleneck (HI%%ZE A HL) i,
bottleneck 4114 2 frw . A 2 5 ()52, layerl 55— bottleneck 1 £55% 218 1T CB 45 44 038 iBE 44 ; layer2.
layer3. layerd %5—> bottleneck [F1H @ T CB 45 U IEEHIF AT FRFFEE . IR layerd %
tH 7 x 7 x 2048 [IHFAEA .

BB 2 T LE (Average Pooling, AP), i Ja & 4% 2 4k 1000, A SCHEAE FH T2
ResNet50 $ HURFAIE 14422 2 ) A HH 50K 2048 4.

32. &R

BT IR X Ot RFAE 22 e/, A P K BE S A B g R SR R AR B /b, il i K RS B 5 B T
Je I ZRA) CNN BLAL % o] RFAELE BHE 73 AT 55 h AR A H, BRI LA A IR 11, LTI 2R ResNet50
VERFHIESR IS, FHE s e M2, RSk B it — A 2048 Z4EIRFIE A& . FRATE H SCHR[13]
R RIS LG (Class Activation Mapping, CAM)EEA, B A 7)1 25 1) ResNet50 £ 5 21 (485 4iF B m]
AL, i 6 s

Figure 6. ResNet50 class activation mapping
6. ResNet50 # /1 [&
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M6 FRTLUE F, FIZ5K ResNet50 Rrfil F HUE I 18] h AR /b B QU s AE ST, (EL A2 W] DA
FEIGE A AT IX I, BEfs LLBTE 0 (S BB 0 (A R . b THRBURIE R K Z, S BIONHFHIE
YEROAE AR TSN SR O AT, BT LS lasso J7 ik RRAEIEAT I ik, R 280k 43 31 124 MRFAE
AIIFRHU) 124 A RRHESS & LS4 S 70 RT3, 890 2 s

ROC Curve

1.0 1

RF+AUC (0.9550)
XGBoost+AUC (0.9250)
LightGBM+AUC (0.8350)

0.2 4

0.8 1
2
<
&
2 0.67 P
'z _# m—— KNN+AUC (0.9125)
5 0.4 - ,»~" = LR+AUC (0.9625)
e gl —— DT+AUC (0.6250)

o —— SVC+AUC (0.9525)

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

Figure 7. ROC curve under features extracted from ResNet50
7. ResNet50 fZEUFHIE T HY ROC Hi%k

Precision/Recall Curve

1.0 — kNN T
e LR
e DT
089  svc
e RF
g 0.6 - — X.GBoost
= e LightGBM
3
5:
0.4
0.2 1
0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 8. P-R curve under features extracted from ResNet50
B 8. ResNet50 $ZEV4FE T AY P-R Lk

M 2 HaT DLE 3, 7EANAE 1031 25 ResNet50 SEHURFIE IR IL T, 6 FHZ B R H4r FE 8870 LA 5L
S T B AER R, S5 59 90%. 5] 7 4 ResNet50 FEUEHIE T 1) ROC B4k, 1% 7 ROC #h4iay
DB, AHHHAR TR, FoR SRR AR LightGBM A5 2Y (1 ith 2 25 % A 2R LR/, R Y
TFL(ED AUCYEL/IN, 3288 822, 14 8 v ResNet50 $REUKHFE R 1) P-R #h£k, 7£14 8 P-R th&k LB
FI|_E R AR TR AR R R A [ R A R B 2 o 5 S e R AT AUC 45 5 ) DL I i (] ) AR R 7
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Table 2. Classification results of features extracted using pre trained ResNet50

5% 2. NZE ResNet50 IREVHIHE S L ER
KNN pod:ACI)E| WRR  XEFREN BV XGBoost LightGBM

ACC 0.850 0.900 0.625 0.850 0.850 0.850 0.725
P 0.850 0.900 0.632 0.818 0.889 0.889 0.696
R 0.850 0.900 0.600 0.900 0.800 0.800 0.800
F1 0.850 0.900 0.615 0.857 0.842 0.842 0.744

4, BTSSR /MR B G2
4.1. VENIEER

AT BSAESE H AR AE Rl S 7 v T INEEAR T 28 PG e R RUR . RATTE FHMER R . FERR . AR,
F1 43806 45 kAT mee, EARnF.

TP+TN - TP TP precision x recall
accuracy = , precision = , recall=——, =2—
TP+ FP+TN +FN TP + FP TP +FN precision + recall

Hrfr, TP (True Positive)Z& 7= TN IF A i IEAEA I8 0R; FP (False Positive) & n ELSN FEAS, B R T
MR IEFEA R E R TN (True Negative) 3R 7 T IE A 0 SAFEA %R FN (False Positive)F& /R H 92N IE
FEA, PHRRTUIN R AR, X, MREGAIESER, EWERNIFEAR,

4.2. FREGR

K8 T ZR ) ResNet50 $2HXK) 124 ML S KB AR MR/ 21K 6 MFIEStTHE & IF, 132 &
JrIEH0 130 MRFAE. FHE ] LR ARIE 7> REEBAT AL, SIS R W% 3 Frs.

ROC Curve

104 — I =

()

o0

1
\l\\

XGBoost+AUC (0.9400)
LightGBM+AUC (0.9025)

2

<

M e

o 0.6 1 ’

2 e

'z = KNN+AUC (0.9413)

=¥ -

3 0.4 o LR+AUC (0.9775)

= 7 e DT+AUC (0.7250)

/” e SVC+AUC (0.9675)

02 7 ~—— RF+AUC (0.9475)

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 9. ROC curve under fused features
[E 9. R-E%HETHY ROC %k
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Precision/Recall Curve

1.0 —— KNN
s LR
s DT
0.819 —— gve
s RF
S 0.6 — XGBoost
7 = LightGBM
R3)
2
= 0.4
0.2 1
0.0 T T T .
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 10. P-R curve under fused features
B 10. REAHFIETAY P-R Bhk

Table 3. Classification results using fused features

%3 MABHENSLELER
KNN pod:ACI)E| VSRR XREMENL  FENLARR XGBoost LightGBM

ACC 0.875 0.925 0.725 0.875 0.850 0.850 0.825
P 0.895 0.947 0.737 0.895 0.889 0.889 0.933
R 0.850 0.900 0.700 0.850 0.800 0.800 0.700

F1 0.872 0.923 0.718 0.872 0.842 0.842 0.800

M 3 T LGB, 7ERRE AKRE LA AR R I B RHIE S TN ZRIF) ResNet50 S HURIRHE R IL R, A8
FAZ [R50 RAE- LR EE RIS T m R R, 45508 92.5%, S5 A 2K P L A i PR SR HRR P AE
FEL, AERARIEE T 12.5%; S0 FITHIZR ResNet50 SRELIAFEMILL, HERIRIER T 2.5%. #4t,
KNN. SRR SCREAEML. LightGBM TERIARFIE T [ 7 A A0 X T S F — PR E SR B VL (1 25
A B R . B 1 AT LMK B 2 (precision), [ (recall), F1 7»%(F1 score) =" MahnE i, 7
R RAAE N A5 R 8 1B U5 4 R 28 LU A 2 R B8 TG AR 3, A BB RAAE S5 2 SRR B s . 14 R
LA ROC HiZEFN P-R Hh 2% o 15 2 58 0E «

] 9 R RHE T ROC fiZk, MIE 9 Ha] LLEMTHE BI7E-LR /28288 T, REL M B0 M 2R 2
K, HARBZH BB AUC 1E-L 73 2R3 A B KME 0.9775; 5] 10 ARERHE T P-R
28, MIE 10 b REaS A HRE o il 2o ot ph 2 e A, B AR R ERAY (1 2 8 MR RE IR

A FH AR e A RS I A R AR R e, S B X B i3 DX S R R AR O s 78 45 T A £
ResNet50 $EHU 12 GUARFE, BARHERERZ, (/b BARTT IR VERAE, — & A EEREA TR S
) 1) R SEZBGAIE B B S AR R I B I A R . T 10 AR SR R S R SR o i 8 PG e i AR R 3
A SR BT IR (NS Ge T SCHARHE,  [RIE4 A T 2R ResNet50 $i e P4 rp i 8 X 38 40 U AL,
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Figure 11. Pneumonia diagnosis algorithm
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