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Abstract
With the development of computer technology, the role of artificial intelligence in the medical
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field has become increasingly prominent. Especially in recent years, the new type of intelligent
impact recognition robot assists doctors in disease diagnosis, which greatly improves the effi-
ciency of doctors’ diagnosis. This paper mainly studies the image recognition accuracy of the
neural network model affected for CT. This article takes the lung CT images of patients with new
coronary pneumonia as the research object. Feature extraction from CT images. Build the convolu-
tional neural network model, AlexNet deep neural network model and SE-ResNet neural network
model. Finally, the accuracy of the convolutional neural network algorithm is stable at 80%. The ac-
curacy rate of the AlexNet deep neural network model is 83%, the accuracy rate of SE-ResNet neural
network model is 87%, these models can help doctors to quickly diagnose diseases.
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2.2. AlexNet 155

AlexNet BEEAM LA 8 =, 7 5 MABRE, Ja ZZ —AIEREE B RE 72 ReLU BUS KL,
BRI 25 P ) Sigmoid pRECIEATXSEL, AT DLRE G AR AL R, T HAEH ReLU WU B3,
LA T S, URSIOR EE AR . S AME AlexNet BALEIE KR 78, HSWAL LA Dropout, LA HE S
A AT DA S L5 (5]
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/(x) = max(0,x)

2.3. SE-ResNet =8

T R A RIS, I 2 2 4 2 K KRS B2, T7 ResNet BB 16 T Ji 22
NI R 4 205 1 R 2 0 43 25 ) RS B8 5 A () SRl AT B 554K, T ResNet %6 1)
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SE-ResNet ##), & BHIIHF >IN 0.001, batch_size A 5, f#H Adam itk 8847 S 50654 7].
3. BUREE
3.1. FsbE

BILTRE R 746 5Kk A, o 369 5k CT UG & H S il Eg, N 377 5k CT BG NIERT &
BEMEEG, BT CT BEMEH I RGB FELTEA, Frble Joxt BUG AT K AL EE, Ab3E 5 EUE an 1]

1 fror:
Figure 1. Grayscale processed image
1. REALEEE G
KRG R,
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HIF CT B R/NA—B BOE Soxt B AT RBY , ARAE S AR BB /N 120 150~300, R0 E#
BN BE AN R BE 0 128 R, 8B a BE AT In E 2 pros.
A LARIL CT BRI T ZRAE AR R B, SR T AEZMER.

3.2. $HERE

3.2.1. GERFHELREX

S H T MR R B BRI —, FERBR UM RS SRR R BIGR R4 2HBUE
FERRE S — LA,  SCEAFALR — A RIS AL GERAE BN A A2 B A B BORFAE X TS BRAFAE
HIR A A T3 BRI X > BB R BEILAFERE(GLCM) 81224 2 N TR R FEAR S A I S A5
B TSR R B AR RO R ) LS SO E 9] THE R AR FESLAE TR B, IR 3R T
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Figure 2. Cropped image
B 2. SR EEEE

Table 1. Texture features

= 1. GUREHE
AL i
XF e ST CT BRI R AN SO A SO R EE
HIE E%?ﬁ'l‘ﬁﬂif(fﬁ%&k%ﬁﬁiﬁ:%ﬁﬁﬁiﬂﬁ[ﬂLE‘J*H{%%TE, At
FARAE KN e 1 BB o ) 8 AR AR S ik
Rt SN G A (S R R AR SR
] IRIESEFERE T RAA T J5 A, S 7 BGREE 30A1i B4 SIRE M S A 40 5
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Table 2. Partial image texture feature data of pneumonia

2. BB AR RIS BUIRAFE IR

B e il 4 XFECRE RN Z 5tk —BirsE
- 40.04143167 0.848946316 0.488689091 0.979669839
+ 63.33541377 0.704108991 0.538525832 0.984725136
3+ 69.31122186 0.722416384 0.639769407 0.979437957
+ 71.48402568 0.877908991 0.988860941 0.94289509
- 44.99703167 0.778851389 0.563170804 0.97622474
+ 39.44573419 0.731510905 0.45167867 0.982989529
- 17.60038432 0.628733516 0.191988627 0.993651667
+ 68.13066131 0.689325729 0.740372448 0.974913114
- 52.79155275 0.74963959 0.513740255 0.982462991
- 15.75151151 0.632326065 0.256721711 0.987137315
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3.2.2. TREYFEREN

WK BGARAE T R 4G CT BUEI 5e R E A5 2, 7 CT IR MIsAG h A i & 1, 5w B S ek
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Table 3. Grayscale feature
= 3. REFHE

FFAIE B

RER IR EMEAR R RURKFERI T 5 A0, BRI T Ml o8 R Ay it B2

T7 % IR E RGBS o 55
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L] TS P R AR AL AR EE
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Table 4. Part of the grayscale feature data of pneumonia images
= 4. EROYBH ARG IR B AFE IR
Fe 75 ek M ¢ e ik G e JiZ

- 34,205,588 1429.920662 0.085977879 —0.019065989
+ 27,560,796 365.1381309 0.073629147 3.204338349
+ 32,211,348 1367.417104 0.101596971 2.491920004
+ 76,842,593 430.8940488 0.218225206 3.927592035
- 26,294,536 346.3055841 0.098248384 0.938059779
+ 18,927,030 786.1082722 0.05493064 1.483179995
- 6,082,377 434.3581069 0.031797891 5.679622234
+ 28,335,547 709.7675471 0.127576128 1.725826871
- 27,176,447 616.0403112 0.073671706 4.179275833
- 5,502,281 1431.584855 0.066772731 —0.479700225

3.2.3. NETHRIFAEHREY

/N AR 4 ) A AR B I P RS e B I E RS BN TS5, /R ¥ ) SEARE 2 A
T AR 5 H R I S LR AT, SRS T8 I X L R R, 3D SEUGHE B R] L SRR R AT
L RERE S A 3 T 7E AR EE CT BEUG AP R 5 2 UG I B A7 E R BR P, 3RAF 2 U5 46 G
FEANRN R BE RN T 1) b (AR 43 B AN 0 B[ 11], /DBERRAE VLA e 5 FivR
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Table 5. Wavelet features

5. EEHE

i
RZEET R
X L

PN =N

He B

R

DS EURAE AN T7 TR T L AR AL

B

S T EHEAE A TT AT _E UG IRFE 73 A B SO RE
ST EHRAE A5 T AT (T R RN SO I8 SR R E

SR BB AE AN TT 1R 405 L f) 55
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Table 6. Wavelet feature data of part of pneumonia images

= 6. ERSYAHA LG INRAFE B

& B il 4 i S R XL e
- 0.008284351 11,891 344,441.75 —1464.16913
+ 0.230641939 33,923 294,069.75 —2764.787504
+ 0.038367748 22,617 459,364.625 —1870.607004
+ —0.482323015 38,120 —131,704.1875 —3140.122479
- 0.161030821 17,868 1,583,916.875 —2274.930763
+ —0.014575211 15,802 —232,404.25 —1551.273944
- 0.155549039 10,771 115,666.0625 —1147.82416
+ 0.045178613 20,352 46,424.8125 —1942.417855
- 0.114517851 27,865 —82,924.0625 —2295.595318
- —0.003275097 2467 —15,075.1875 —492.5265015

3.2.4. BFFERE

BRURFAE 2 K BRI A I 48 (CNN) VA AT IO RFAE SR AN, 32 BEAR AR 46 AU 248 X 25 o 25 BURIT AL 1)
THEPER, DRI RE T 543 3 0BG PP R 38 40 55 IR AE T B AT R, T AV A R AE (0045 B T
DAz, A5 AT 12].

il 58 A% 6 B AE I 38 43 BRIk 7 Fios

Table 7. Partial convolutional feature data of pneumonia images
= 7. B RRGETEHERE

e 75 ek fili ¢ R A

- 0

19.02
13.72
1.366
- 0
+ 0.32
- 0
+ 5.09
- 0
- 0

+ o+ o+
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Training and Validation losses
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Figure 3. Loss function record
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Figure 4. AlexNet model loss iteration graph
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Figure 5. SE-ResNet model loss iteration graph
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