Software Engineering and Applications {4+ T2 5N FH, 2026, 15(4), 578-585 Hans X
Published Online August 2026 in Hans. https://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2026.154053

E T ZRBI LB R A XS SRR A
AR

B okAkrz, L2, FPRAL, R b M

NAALBAF RN SR B AT TR R, e fRE
RO AT RE + B ESCEYUIRE LI E, b R

ks HiH: 202647 H20H; FAHHEM: 20264F8 A 12H; kA H: 20264F8H20H

wm B

HE: HEBRRSBRMENEERLERN K XS REGIRAES LR, NEEEEEIRAIHEE KR
BRMECIRIE . J7ik: LA TFIG R M X 5 2R B8 B 42 (Chest X-Ray Images (Pneumonia) ) BT 5%
%, i%H(AlexNet. VGG16- ResNet50. DenseNet121fIMobileNetV2 T F # % CNNAE R AT % b 525,
KRR F ] KBTI RLI%%, FEHAccuracy. Precision. Recall. F1-scorefIAUCEIBIRZEATE
MIERIERE . G5 2R: VGG16IERL TRt R IR AIMES FRINRZ I, Accuracyi£90.38%, F1-scoreix92.59%.
458 A ECNNBERUENT R X RE BRI ESHHEEEEWRER, NGRS RAER L FE
HTSEKIE.

KA

FERRA, BRHEME, XNEREG, TB¥E, HEAHE

Research on Pneumonia X-Ray
Image Recognition Method Based
on Multi-Model Comparison

Bingqian Yang!Z, Yanmin Zhang'2, Fengjie Sun!, Zhankun Zhao!

!Department of Software Engineering, Hebei Software Institute, Baoding Hebei
2Baoding Key Laboratory of Artificial Intelligence and Intelligent Transportation, Baoding Hebei

Received: July 20, 2026; accepted: August 12, 2026; published: August 20, 2026

Abstract

Objective: To compare the performance of different convolutional neural network (CNN) models
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in pneumonia X-ray image recognition tasks, and to provide experimental evidence for the selec-
tion of intelligent recognition models in medical imaging. Methods: Using the publicly available
Chest X-Ray Images (Pneumonia) dataset, five typical CNN models—AlexNet, VGG16, ResNet50,
DenseNet121, and MobileNetV2—were selected for comparative experiments. Transfer learning
was adopted for model training, and model performance was comprehensively evaluated using
Accuracy, Precision, Recall, F1-score, and AUC. Results: The VGG16 model achieved the best per-
formance in pneumonia recognition, with an Accuracy of 90.38% and an F1-score of 92.59%. Con-
clusion: Significant performance differences exist among different CNN models in pneumonia X-
ray image recognition tasks, providing a reference for model selection in clinical assisted diagno-
sis systems.
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2. BIRESHEXEAR
2.1. BUEENE

AR Kermany 8 ATE 2018 SEA FHIIAEE X 5§ 2k 5215 B4 5 (Chest X-Ray Images (Pneumonia))fE
NSEIHEE, ZEAR SRR T LE R E N X A AR, FEA TR A2 W 7T [5]. AH b
HAEUGEIRSE, REFBEARMNNZER /N ik XA R AR, IS A 1E 0 e R B 5 S
R 2 BB 03 25 Re ) BB R U

AR B RIS X AR, 4 AN IEF IR AR (Normal ) FIUIH 48 5214 (Pneumonia).  Hr,
il ¢ 28 531) 3= A0, K5 41 B 14 Fili 48 (Bacterial Pneumonia) A5 75 P4 ili 48 (Viral Pneumonia). JRIGHE 1408 1)l 24
(Train) HE£E(Validation) FIIIASE (Test) #EAT KI5, BT IRARIRUFEFE AR BUD, UEHE 16 5k, A
HOROM I ZREEFNBE SE AT R 7, F2I8 9:1 ELBIBEALRI 73 I 2R SR AR, MR IR B B T A . B
EAR AT WA 1 PR .

Table 1. Composition of the Chest X-Ray Images (Pneumonia) dataset
5% 1. Chest X-Ray Images (Pneumonia) B & ¢H X

BAEHKH Normal Pneumonia BYE
IGREE 1072 3637 4709
IOUFEE 277 246 523
M4 234 390 624
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224 x 224
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I3—{LibE
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Figure 1. Flowchart of data preprocessing
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Figure 2. Framework of pneumonia X-ray image recognition based on multi-model comparison
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BN 9 X BHERSEAR E SRS, ARSI T —FhdE T 2 LU BR 225 8 0 RO HE S, L
20 HTENESE F BRI AR R . IR I B . BRI AR A DA R R PR DY B
56, X IR UG HER X S R AR B AT G — UL 3, A4S UG R ST R | Ehm i o DL S K B U — A S5 4
DLAE R A S N B ) — BRI 2 R . R, BT o1 AR, MY Topp & UG A PR 25 I 2 A A
5 AlexNet. VGG16+ ResNet50. DenseNet121 F1 MobileNetV2, it 85— si246 5% 14 5o A [F] A B AE fili 48
FAGRAME S PR RE AT LU B . BeJa, BRI R . K. HEI%E. Fl-score fl AUC 5% 4k
FEFR bR AL 73 R R HEAT 25 G VR, 43 A 85 A5 2R AE 2 B 55 5 28 23k 26 7y T o) A [ A 284 1) 3 FH 3 35
3.2. B1F CNN R

AT A A FIE R 2 W 28 L RLAE T 98 X S R R TS & P, Ak 7 BA RN
) AR B 2 S R R AT 926 B (32 2) , BLFE AlexNet. VGG16+ResNet50. DenseNet121 F1 MobileNetV2.
Horr, AlexNet /& 1 MNAE G FAPL LR, VGG16 K IELL /NG R HE S (IR E N 25 45 7 ; ResNet50
T 5 NBRZE VR AR TR E 2 R IR 1] ;. DenseNet121 K %5 G2 1 B2 L 3 it R R R AL FE g
MobileNetV2 i IR & 1T 7 B G @i il @it R &, v DI S48 1 ONNL FR 22 W 2%
FAEE WL DL S B R N A SR ARG, 9L R R AE N 28 X S 2R 51 A P i1 e 22 S 4
HESZIG I A

Table 2. Comparison of typical CNN models
3 2. #7 CNN RE3 L

;b R HFEH ot AR FERFR
AlexNet 2012 RJz CNN MR CNN
VGG16 2014 NERIZHES: CROE & i |
ResNet50 2015 RV B EEAL AR

DenseNet121 2017 A FHES
MobileNetV?2 2018 WRIE ] 73 BB R

3.3. BENEGS T IERR

TERT 28 X SRR TS, BRI B B s 1 70 R A, RN 5 22 B B vz AL g
ARG ENE . T BRI FATES T FR A FEA R R AT AP — i 25, DUREEMER Z (Accuracy) A
RE 2 1 S RS TR P

BRI, A SO RUERAYE . IE AR EE ) LA R ER S PERE S 2 M R, 1EHX Accuracy
Precision. Recall. Fl-score. Specificity P& AUC Ht 6 ANFEAR IR A HEAT L2 A V- (6 3). HiAr, Accuracy
F T EAR R REAR 73 2R IER R E . Precision FHT-PRAN R T0I yfiti 58 S8 AT SEPE: Recall H T &
BRI it 98 835 IR BLAE 715 Specificity F T VPN B IEH R0 IE W FEARIBE J1: Fl-score £3G % &
Precision 1 Recall [JIFIF35; AUC H T VPR RLAEAN [F) I B (B4R 4 e e . T8I BIR4BARI 25 G
VAT, AT DAE A b 3 A7 AN [F) 25 R 48 X 2 RS R AE fil 8 X SR B AR R IS5 TR I T R 22 7

4. IS EER S
4.1. SCIRIFEE
ARSI FE T IR E 2 ST HESE PyTorch SEIUB ALY ZRAIPEAY . SEIOIABTHC & 40 4 Fow.
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Table 3. Model evaluation metrics

3. HELTNERR

T FERR UEYEN L EI=94
Accuracy G FE LR FIRE A AL AR HTERE
Precision TR A IE 2 ) B2 IE K LA TEBH P42 I B 70
Recall TSI E 2 Pl E R 1 EL A T2 B PG
Specificity TS A A TE R [ L] S KK PR A
Fl-score Precision 55 Recall 11171y SR VPR
AUC ROC HIiZ T BRI e
Table 4. Experimental environment configuration
4. IWINERE
ECE I 28
BiERG Linux
WIEES Python
RIS SIHESE PyTorch
GPU NVIDIA GPU
CUDA fig A CUDA 12.x
TR T HE Jupyter Notebook

42. XWSHRE

L YIZRASCRR IO, ASCRA Adam PRALSIEIEAT B RO, 81 B/ MESZ SO 45 2% R ok
AN SRS R 2 M 2257 . NG5, 51\ EarlyStopping 5EHg, IR UESENEREAEIE
8: 2 A epoch AAFHRTHISF 1L IR . FEBINZSEECE WL 5 PR,

Table 5. Model training parameter configuration

F= 5. BERNIGSHEER

¥ wE
VN 224 x 224
Batch Size 32
b Adam
LS 0.0001
K R 3L CrossEntropyLoss
S ONIIER % 50
EarlyStopping 10
SRSkt ReduceLROnPlateau
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4.3. SEWERIH

4.3.1. BIULIBFREEER

%6 JBon T AR AR bR XS o AN G RN G IR 28 AR P il 28 X S 2R AR R AT 55 IR 1 RE AT
HEREXER. Hrh, VGG16 HAES T = Accuracy A 90.38%, [F]} Fl-score 5] 92.59%, iHi%
TR BR A B3 e b~ i 9 TR 5 TR 40 S IR A PR B o AlexNeet ERAR I 2% Z5 #8507, {H Recall 15 %] 97.44%,
Ui B 0] s 28 A B AT BRI AT I BE /), REREAT RAPEACIR 12 A . ResNet50 S FH bk 22 45 1 15 AR Ak 27 =)
Bt 11, 1E Precision 1 Recall 2 [A]BX1E T 5547 B P-4 - DenseNet121 B4R Recall £ 51(98.46%), 1H Accuracy
K, UGB A ) T IR, RIEFEFEARIRAAFE —E A 2 . MobileNetV2 HI T S8 E RS, 1ETT
ST R AR, (BB REAH N R B, 70 SHEMR SR AR 286 Accuracy. Fl-score il AUC &5454%,
VGG16 BEREAR SIS % T RIMmA

Table 6. Comparison of experimental results

5% 6. LI RIEE

it | Accuracy Precision Recall F1-score AUC
AlexNet 0.8990 0.8776 0.9744 0.9235 0.9571
DenseNet121 0.8542 0.8188 0.9846 0.8941 0.9567
MobileNetV2 0.8157 0.7996 0.9410 0.8645 0.9242
ResNet50 0.8910 0.8833 0.9513 0.9160 0.9493
VGG16 0.9038 0.8929 0.9615 0.9259 0.9571

4.3.2. JRIBEEES

FEN 2 G BZ W, B 91 (False Negative, FN) B S5 A 0 TR NI AR, 7RI IR A X Fii KT
B BH P (False Positive, FP)RIRE IEH A RA9MH 2 RS, B2 FN ERE B E R SHITHE . HET I,
FATF FAR R BRI RAEBLHAT T 04T ARIBEARLR LI 7.

Table 7. Comparison of misclassification among different models

7. TEHEEIR S X E R

il BB HEFEN) B FHHE(FP) FN/FP HAE e PR IR
AlexNet 6 (| 1I%) 85 (Ff) 0.071 15 A A6 1 128
VGG16 10 53 0.189 R e R

ResNet50 15 45 (AK) 0.333 U
DenseNet121 19 49 0.388 R
MobileNetV2 23 92 0.250 o018 A ) o e

4.4, IRBGERI 54

AN R B e e P A A R R £ A, T DAASHHE DA IR R B (1) A DA SRAERA R Oy E 2 H s,
FEASLSERBAR RN LR R T, VGG16 MBS IR LR G VERE, 1E &2 W B 2R B 1 M
Wit. (2) ALARIUIRE AR N ZHEE, AlexNet A R A R, @l v imasiil. 3) &
i AUV REAN T SRR, ResNet50 £ Accuracy AR AL A 2 (8] AT 1B AP, (4) T 51
SRR ARE L, MobileNetV2 EIRPERERSAR, (ERMNSHER/, & GBIk A 8 E .
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5. &

A SCEF O 96 X B ERFAAR R AT S5, TEGE— S50 251 T 4 AlexNet. VGG16+ ResNet50. DenseNet121
F11 MobileNetV2 Fff it R RN 20 N ZE AL FEAT 7RG LU 9T . SRBR 2 SR I, AN [R] X 4% 25 1) 7 i
RGNS H FIPEREAAAE B B 22 57, VGG16 1AL 7E BEAAR 73 S5 1% B 77 11 R IR AN, Accuracy 1 Fl-score
S AIEE] 90.38%F1 92.59%.

AL TN AR e R A (R Bt 1 SEIRAkH, A 2 X 28 5 AT 55 h A ik
BRSO S . RRIIE I LA 25 e 5 N T Se ik AR R 45 M AN 2 B8 HER R & 0715, i — BRI
RFCAGV N (PR PRI B

WAk, ASEIG AR XTI ZRER AP AT REAT T IR IR, BEASAE TR 2 b R it Re s A $ 4 23 1],
ARRA] GI NN IMAL A K BB 2 B B 7 3k DLk — B A I PR i

EHEWHE

2025 FEARE TR RITUE ;. TH AR By KRB 568 AN LR L0500 BU o i SR AR 7T T
H%5: 2511ZG018.
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