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Abstract

No-reference CT image quality assessment (NR-IQA) aims to establish an objective image quality
evaluation system that achieves high consistency with radiologists’ subjective assessments. Given
the current lack of actual IQA scores in numerous clinical CT image datasets, this paper proposed
and validated a NR-IQA model based on deep learning. The proposed model integrated convolutional
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neural network (CNN) modules with visual Transformer (ViT) modules, and trained an ensemble of
four CNN-ViT networks as teacher models to simulate radiologists’ repeated subjective IQA pro-
cesses. Subsequently, a knowledge distillation framework was employed to transfer the information
from teacher models to a student model (a single CNN-ViT network). This paper combined two ob-
jective metrics, peak signal-to-noise ratio (PSNR) and structural similarity (SSIM), to evaluate the
quality of CT images, and used them to annotate the CT image dataset to validate the proposed NR-
IQA model. The comprehensive performance of the proposed NR-IQA model reached 2.8070, achiev-
ing a Pearson linear correlation coefficient (PLCC) of 0.9916, Spearman rank-order correlation co-
efficient (SROCC) of 0.9683, Kendall rank correlation coefficient (KRCC) of 0.8471, with mean abso-
lute error (MAE) reduced to 0.0259 and mean squared error (MSE) as low as 0.0010, validating its
superior accuracy in predicting CT image IQA scores.

Keywords

NR-IQA, Clinical Chest CT Images, Vision Transformer, Knowledge Distillation

Copyright © 2025 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 51§

THEALWT =434 (Computed Tomography, CT)s& ) i2 N I R 12 Wi B G HoR 1] [2]. CT
PG5 Bl o 52 B SR B A SN 7R B AN S R R S AN [F] R 3R s, 0o S8 A FH v e S 70 B W) e 1
ROGAEIR, ARRARI R N 2 33 CT BUR & T %, MM-SBUZWiwZE[3] [4]. B, {EH CT &
L) JR ) R R 5 7 B R RR AE B B AT AT Y B S AT REAIC(As Low As Reasonably Achievable, ALARA)”
[5]o A T SELIX— 50, FRATFEEAELRUE CT G ER FER, 78 CT EBHR R S5 75 2 A3 B i fE:
Fi . CT KIS T B3t (Image Quality Assessment, 1QA) &A1t Ak 4 5 771 & 5 AU R4 £ 1 B B3R 1Y .

CT-1QA 73 N EMVFALFI 2 VT AR PR o PP O T IO R & AR B 22 30 A4 v I BT, SR, 78
X RE CT BERT, PR FEME LASERT AT o BbAh, SRS RHE A PPl 45 R A FE A — 21 [4]
[6]. DRItL, 75 %E—Fhmdha s M 1QA 7. fER ML T , RIS FHESE S EEE, 10A
JIVEN] 93 427 (Full-Reference, FR) [7]-[9]. 2% (Reduced-Reference, RR) [10]-[12] #1752 % (No-Ref-
erence, NR) [4] [5], [13]-[16]=FF. E&HHZ AT CT AR et , BT HBELEHEE, A GRS
FE, TSRS EA TR B &, Bk, EIRRAE R ERE CT BURECAN
Ao HELT FR-IQA H1 RR-1QA J77%, NR-1QA J7ETE T 2% i it & R AL EHG BT & An i, & H]
FUARB L, Hit, NR-IQA A 4RI 7 A .

H TR L 5 S HORAE 1 2 BUR A AT S5 S 7 O0 S PERE, BF A0 B IR 22 ST R 5T\ NR-1QA ]
. Gao SE AN[A1RL T —/MEgs &2 R ARFE B CT BIER NR-IQA HE2¢ NR-GL-IQA. NR-GL-
IQA J7ZKH T HANFRIC MG RAR ORI GR B, DAL ZRAR AL, SR 5 FH 2D 8 1 WL v 5cdhs o T
SR RLHEAT 70, DATITI 4 JR B 5 & o 4235 {0 FH 25 T J R ) PR o 2 DAV 8 DA Tl = 0 DX 3 ) o 2 o
JE, AR EEE BRAMATHEAREIE T R . NR-GL-IQA J7i%n] UUAER T CT G &, I
HAeRAFE 1QA KIHE L H— PPl BT BUR BHE A 1P . Lee SEA[BI#RM T —FET B W E W
NR-IQA J7i%. TEZIFFH, —A> CascadeR-CNN H brAdr IS8 223 Arfli N CT UG H 1) R AU LU 2
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Hbr, AL P36 BE(mAP) B FAE CT BUR BRS04, Lu 8 A[13]82 7 —F A T kah ik CT
MR 1IQA KI5k Transformer %5 . HFF 7835 i FH A0 2R BRIER LA I AN 3R BT e IR BN K A 37 07 X3, 3
LI G s A A ) G B A Bk 5 G TR B G DR IR S 7 DX B, T SR R A O (19 ST 7 IX 38k TR A AR 1% #
Transformer A LTI & 70 0. BRutbz 4F, ARAEREA TAE R TR 211 CT BUERI NR-1QA,
— A FEF R FEREFTICH CT BUREHE RSB, XU RHE AR, HRKE CT BHRER
JoT 5 5 BUOBE 7 70 SFER

AL, A FEdE th— TR BE 5 ST 1 NR-1QA B2 48Y, 2 AR ALK 45 #H(Convolutional Neural Network,
CNN)fEL 535 Transformer (Vision Transformer, VIT)#EE 45 &, Sziss RN, @il 70 CNN ik,
REME IR MERE . [FIRTUIZE 4 A CNN-VIT M RAE R BOTEAL,  DAUSHUBUR B A 2 I FEM 1QA
TR, AR ESE, W BUTRR RS BARRE] 1 AN ERBR (B — CNN-VIT M4 . AR5
BESHRFE S ST R 2 = KEF3bmic i) CT BUEEHE, 454 PSNR AT SSIM AN E LR FR K P4l CT
FG Al R HARiE Il AR 5 CT B & i 4 (Clinical Chest CT Image Dataset, CCCIDB)Killl Zk$2 Hi
AL ARBFFTHE I NR-IQA BRALZERG N 28 RSF 4/ 4 R RIINy,  SEIL 7 S80S 1) 1QA HERATE:, N CT
P I o B A AT S5 SR 1o e A 2

2. BRER SR E
2.1 HER

KWL CCCIDB #iR& tH Filg R peieflt, 1% SIEMENS SOMATOM Definition
Edge (751717, #EE)RE, KEMNGAEEE . CCCID HE AT LU A EREN 10 L EEEK CT
BIGEdE, St 4715k, B CT B EHEHLL dicom #% X i# A7

TR R 3 A RS DU AR R RAR I CT BE, A TR ER 2, ABFFE
ik E R E CT BHE i A A A M s USSR U7 & CT Mg, [FIRT i s B & CT BIg =
B ST 7, DA 990 AE 5 BT B AR 22 1] 50% A1 75% 57 &K T EA R CT & [17]. REEER
o471 5K CT B, G H=ASHRER CT B85, CCCID ##i4Erh CT EE 1A F] 1884 7K.

H -+ CCCID il dE R P2t 1QA PFor . DRIk, ANHF Fid ik vHEH BT AR = A& CT Bl 2
[ ff] SSIM 1 PSNR #5845, F45& AN ERMENE N CT EME ISP 1IQA $F43[16]. SSIM F1 PSNR 4351
AR 2 0 TP TG 75 ) AT P AN R FEARAIE T30k CT B I B AR IR, & B R4 7oA 1QA
PEALSCHERIR S HE[16] [18] [19]. H AR, AW HTHEREK CT B K SSIM 1 PSNR,  Jfid@id 2
A1), KIKEEETK CT BMEH 1IQA W4 Q, Hirh, PSNR f84rZdIH—1b AT, a; 1 a, /& R B MERR
DURRIOALE, AT, an Ml ax 4 0.5,

Q =28,Qpsng +8,Qs5im 1)

G, ARSI RIIGE . WUEEMMIREE, o 8 AL 1) CT B TS MEHE, Fl4 2
RLEFE P CT BUEH TR, T IIZREGIER 8 AL 1 CT EUEAEAS 80%BENL /B 225, FIARH
20% 7 P 1) 5 iE £
2.2. REE

AR NR-IQA BEAIZE A T4 CNN-VIT MR ZEMmENs, T CT &M R ET
flio WZRE 1, BAIH CNN B, VIT B DU A5 BN 4 1> CNN-VIT W48 62 i 3] 1) 20 A
RUch 2R3 1 AR (B — CNN-VIT RR2%) o 01 TR 280 HE 2R 20 i
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Figure 1. NR-1QA model framework diagram
1. NR-IQA 1R EUELE

2.2.1. CNN #&k

EZ R 2, CNN BHH TR SF KN A(512, 512)1) CT EUFBHTHRFESEE . iZAE 4 4>
R, LT RMER LM AR BN ERaE 1 MERZE, HEBRIZAN N3 %3, DiEk
1, BEJGHRALEIT—L)Z K ReLU BUE K%, CNN BB 4 NGRS RZ FIIE R 231K 4 3R 8.
16, 32. 64, #EEE 1 NERIZ KN A 2x2, BN 2 1T REE 2R SR A RRFIE B0 R /N /s
—, AR I HIHIEE . G, B ERIE BN AR N (3, 224, 224), fEH RSH ST
ViT S % N AHTAL .

[ &Mk (3x3,8,1) |

ERR

e | | %32 (3x3,16,1) |
j HHE(kxk, n,s) ||

\
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Figure 2. CNN model diagram
2. CNN R EE

2.2.2. ViT {&E3R
FENG PRSI R A, TR AR BR A2 2 B2 18 5 R s o BRUIR DU R IR R X o i, Rl i 0 A 12 W
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BRE B E SR 201, VIT & —F3ET Transformer ZERI AL SRR, &8 CT BMER
Z /N (Pateh), I E R HLEDRAHE CT BUE 14 R AR EE R [21] X FLHES VIT feisi
PURSS BHE A VPG CT BRI R, 3 HL AR LS RE A UG IF L1 T B == e 58 K 19 X 33

HZRE 3, AU, VIT BLHEESZ CNN BB RS RN A(3, 224, 224) HFIE R, FHoR L&
I3 N =196 N/NEL, AN/ 16 x 16 83K . XS/l JE 7, FRIE I nr 2 ] 2R M4 g E
$1%) D = 768 4EJEMIE . N TIREEAELE, FEANNFIRN LA M EgRwiD. tesh, 75/
BT T 1A “Zobsic” . PURA A AR iE S, FAER QA VEr . AR VIT
R 12 AN Transformer i gebk, 434> Transformer Zifid s 1 M2k, 1 NEF 12 kK
ZLHERINEE . LB 1 A2 BB R . 2k BERINEES, B BN
o= AERE: B KL B Q AME V. HEE NI EE RN AR (2), H ddRR KA Q M4,
% Sk F R AL E Fg R AN R Sk PR

Attention (Q,K,V ) = Softmax[QKT JV )
Vo

ZIABAN AN IR ZAH R, HENDNEIEREZE R GeLU BUSmE. B 1M 2EEEH
3072 MHEIL, BN EEEER 768 MILI. H&h, FAIFRCHEN—NAIERE DT 1IQA T

3o
. .
HIEE | LRSS G
2k SEBA
Transformer4mfd 2& 1R | BIR—{
patch+{i B4xHg [%] [I;I
5. 224, 224 | TR ?l gﬁiﬁf;ﬁ
PR
e R A T e B ik
v \ (16, 16) BIE—L
.
TransformerZmfig 281k

Figure 3. ViT model diagram
[ 3. VIT R EE

2.2.3. HIRZIEIESR

FRZETH S TR R B K2 5T A B (R A 2 ()4 JEL 0 A% B B f B . BE /NP B i v, B A A
[22]-[24]. WESRE 1, AWFRHE—HBAE CCCID B4 LZR T 4 4~ CNN-VIT W%, 8 HERN
FOMAERL . FE5E Bk T AR, BUMBRLE I AT R 4 S CNN-VIT 28 )45 S 2813
1SR (B — CNN-VIT MZ8)Hr, el A R Tl 43 2] 1QA 143

FOMA AL B T IE IS 6 4 4~ CNN-VIT P2 Tl g7 P38 15 8. &4 CNN-VIT W48 7 Il ZRd 72 o
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8 AdamW LALAS, (RIS A S g AR IR0 o EAh, AR FEAEIIZRIEAE F 51N p-Huber 45125 B
#, HoE LA (3):

1 N Ai - Y P . ~

WZ{—W y| ], |f|)/i_yi|§’1

i=1 p
teacher — (3)

N p
%Z{lwi —yJ—%}, otherwise

=1

Loss

Hoep, y FoRBEE 1SR 1IQA V5, 9 R EME i 19 CNN-VIT M2 T 1QA 1745, N CT ElE %
=, AT p=16, 1=1.0. P-Huber K REAE y, 5§, Z AR ZE/NT A BHEA Lp Joddik, mfE
WERT A BERMESN L1 #5574/ BT Huber 28 SRR, S8 vl 1) p 80858 7 X CT
BHARFERZEBE RGN GE S, 2 1QA (RS F AR L%

fift AR R CNIN-VAT 2% 1 H AR AN R G BHEE AT 1IQA P43« 8%, CT KIRIIIE D Hu2
I T TR AR TR AL 1QA PR AT IR A . ABTARIBUTRER S, A CNN-VIT pZ3
AT —CLBOHFHEN, 22>k A% CT BRI FRHME, DAORZAEIE, 15l 2800, BUmiiiy 3]
FE BT UA ROt A% ) 22 AR b ACHIE ST MR R A PR 4 4> CNIN-VAT [ 455 5 22 A R o ) B
— CNN-VIT [ZESERAHIL, ME—FIA R AE R R — 2, AR R 2 — M & 4 MER &, A
e H.

FE2E AR P IS HARTRUR B BT I S5, 20 O PRI R R ZR BB Bk o AE TR, 227E
BRI TN 1QA PF2> 545 5E CT EURHISERR IQA PFIIREATELAL, fH 11 P-huber ik B, A s(4),
iy, Fon EUR |2 AR T R BRI 1QA VR4 . B T AE BRI & — M 4 AN R
W, A A AR (10 B 248 T % St ot 2% v i R AT P13 e 1

F-vl” if|y, - yi| < 2
LoSSugen (Vo ¥) =1 © @
Ay - yi|—%, otherwise

FABHRREUR MR . TEZBURT, AR — NI AR, 1 B I RS BN
DU AN ol 2 R TN AR B o ABIEFEGIN T — AN KR ZE BUE, 101E & o 1R 2 BIME e R UM T
KT ERZARZE, FREE G B . BAARRUE, WRBUTRA PP BB T ¢, BRAEINE S
MIbRE T2 A 25 SR, A BUTRLRY P TR 22K T o B, R AR B SERR 1QA bR i &1
F, AN S 22 A (R T 5 B S o0 A A B 35 w22 [25] [26]. ARFFR T, e E40d 525, B 0.05. i
FeE X ANR(B), Hp, y RATER L RO 5L HE AT 1QA P4y .

o L0SS yien (Vi 9 ). if |9 —yi| <&
LOSS .. ..,... ARVARY) student irJi i i 5
distillation (yl yl yl ){0, otherwise ( )
WG, FABRRRIR AU :
13 = - o
Losstotal = WZ[LOSSstudent (y| ’ yi )+ ﬁLOSSdistillation (y| ’ yi ’ yi ):I (6)
i=1

Horp, pRZRIRBURRIBCE . “E AR M 507 S MR R G et 53 O 2675 2CARAL, (A AdamW {12
Wds, RIS IR s LAB 1R UL 5
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2.2.4. VEfhIEHR

AT 548 F Bz R b 2% 1% 4H 5% 2 % (Pearson Linear Correlation Coefficient, PLCC). {7 /K & #kAH ¢ R4k
(Spearman Rank-Order Correlation Coefficient, SROCC)FlI # 48 /R & AH 5% £ $i(Kendall Rank-Order Correlation
Coefficient, KROCC) K AL PR IQA 143 v, 5 NR-IQA HAIFHI 1IQA ¥F43 y, 2 18] AR I o X L5 b fE
IQA 45Uts T T v B ik I FH T8k 2 AR (1 F0 14 R [27] [28]

PLCC HI Tl y, 5 y, Z [BIZMEAR DL i B2 S Ty e, BRI 1 R I TG 5 SE PR 2 18]
M2t — Bkl . PLCC [ XA (7). b u, M, 303Ky, 5y, BI4{E.

Y=, ) (% a5

PLCC = - _ Y
\/Zizl(yi —Hy, ) Zi:1(yi —Hy, )
SROCC f5E X~ \(8), Hrd Ry, 5y, ZIMIRZE.
sRocC —1- 2% ®)

N (N2 —1)
KROCC & X nas(9), A TRy, 5 v, Z MREFAH M, Hi N SRR —83dE T EE, N,
FRA— BRI BUE .

2(N,—Ny)
KROCC = ——~—~ ©)
N(N-1)
OPM = [PLCC|+|SROCC|+|KROCC] (10)

FRIPAGIRPR I BUETE R [, 1], AT, FR TR AR (BRI 1 2 AR SR 14
REERAL . Bah, AWFFREE—DIH 5 T — A28 A P B8 E /= (Overall Performance Metric, OPM) [29], i Sl
2 3(10). OPM iijd %} PLCC. SROCC Fl KROCC JNBURAN, F&HE T —/NEAVERE PEAL TEbR, AR B
i 3 RUMER I L5 G TR

LA, AW TR AE 3277 % 2 (Mean Squared Error, MSE) fiI-F- #4145 % 15 2= (Mean Absolute Error, MAE)
kil y, 5y, ZAZER. MSE 2y, 5y, ZEZERKFTFME, HEXmaX(11): MAE 2y, 5
Y, Z a4t 22 S 0 A E,  Hoe XA (12). MSE 1 MAE B RGN, 3 IR () F0 4 e it

1 N

MSE TZW -v) (11)
MAE=%i|yi—yi| (12)

2.2.5. SRR
FT A S35 7E — G L% NVIDIA GeForce RTX 3060Ti i+l Intel 15-12400F (Intel Corporation, 3 [¥)

(SN IZ 4T . %A SLE T Windows 11 #21F A%, SLHARILEET Python 3.10 4ifHiB S TF R, R
Fif Pytorch 2.5.0 A3 5 S HE 4L A 2 ST A .

3. &R
3.1. SLIGZER
AWFAEH T 4 4 CNN BEEAD 14 VIT B2 Il NR-IQA £, Ff7F CCCID #dls4E Filk 47145
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BOAIE LA IR o TR A o 4 S 85 AR B (CNIN- VAT %) 125 1 100 /™ epoch, #itAabFE A /Ny 10 3K CT
BIHR, F>1%%E N 0.0002, {fHERUESE FHA SR AR IBE R IE BT . AR 25
T 20 4~ epoch, ZEMHIVRKE B E N 0.75, RZEBME & WE N 0.05, AR ML SHXE 5 ET
BORAAIE . 7E IQA T AR, AW TEBANIZRE ER ISP . BOTEAL 4 AN B RUK
AR E R A i ] 4 Fos, AT 1K NR-1QA RS BYTE L e VEAl v JR I H 2 35 ) fIL e
HEEGMERETRIRIA 3] 2.8070, PLCC 1A% 0.9916, R AALTIM IQA P-4 5 SEFR IQA T4 Z [l H A 15
HIZEPEASSPE; SROCC 4y 0.9683, KRCC Ay 0.8471 NIFL[RIIGIE T AL A EHEFF — 8t L& . 7EiR
ZEP T, MAE {KZ 0.0259, MSE {4 0.0010, 4RI 7 A TR 1QA K FE AL e

0.12 0.12
3 0.1 0 0.1
~ ~
E§ 0.08 Ei 0.08
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Figure 4. The loss variation diagram of the four integrated members of teacher model and student model
4. BUPRBIE) 4 MR R MFERBBRRTLE
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3.2. jHRMSCIE

3.2.1. CNN &P R se 18

AR FEFIT 04T 7 CNN AEERE & SO 5 i Al 7 $008E: DA % 2 A A 7R 2 3453 2 A T A 7 14
(ISR, A SE6 GRS H0 B I 5 AR R H I NR-IQA BERUME ., 7R85 —ANseibrh, A7k 2s
T CNN BEBR¥R, HEM 0 B 5 ARVGITSRN, FraiHmBi sl VIT JUM R A, 7858 Uil
(I 05 T HEAT A R R e, SRt VR L6 1. S2IR 4 LR, 140 CNIN B o $ea A B T2 7+
FERLTIN 1QA PErHIPERE. hAh, 24 CNN BEEREE N 4 B, BAZEEMERERL, HIXJZE 5 4> CNN
B,

Table 1. The impact of different numbers of CNN modules on the performance of NR-IQA model
& 1. F[E CNN #ERHE 3 NR-1QA 1R M AR

CNN st OPM PLCC SROCC KRCC MAE MSE
CNN-0 2.6325 0.9311 0.9292 0.7723 0.0655 0.0102
CNN-1 2.5841 0.8863 0.9295 0.7683 0.0977 0.0141
CNN-2 2.6838 0.9363 0.9446 0.8028 0.0735 0.0113
CNN-3 2.6943 0.9579 0.9456 0.7908 0.0486 0.0050
CNN-4 2.8070 0.9916 0.9683 0.8471 0.0259 0.0010
CNN-5 2.7154 0.9613 0.9525 0.8016 0.0504 0.0049

3.2.2. SERIREHRMSIL

FEEE ALY, AHEFC AL 1A R SO R B R B AR SR S PERE RS2 . AETEM 1 2
5 3G INEE RO A KR, RN RO A 28 B DR B A RS, 210 CNIN-VIT R4S, 8 58 iR R
FI 25 B AT A AR R I 2R, SEAR S5 RVE LR 2. SCUe R, ISR sk o1 Bo RE e T Al 4R b
MPERE, XA T RS ALRE G55 BhAh, RIUERIF I BOTHERY AL th 4 SRR 1 4L -

Table 2. The impact of the number of integrated members on the performance of NR-IQA model
F 2. FEIEMARZABEIT NR-IQA RE 4 HERYF2M0)

LU A OPM PLCC SROCC KRCC MAE MSE
1 2.6684 0.9519 0.9376 0.7789 0.0499 0.0054
2 2.7536 0.9755 0.9587 0.8195 0.0322 0.0025
3 2.7922 0.9761 0.9679 0.8481 0.0320 0.0025
4 2.8070 0.9916 0.9683 0.8471 0.0259 0.0010
5 2.7439 0.9505 0.9609 0.8325 0.0701 0.0074

3.2.3. AIBRANESH

FER =R H, AW TR AR IR BURE g I 0 2] 1 BT IR, R BRI
20 /> epoch, SKEGERTVEN AR 3. SLIRE R, ZRIMIRAELE f=0.75 I, B PrA PR HR IR R IR
Do ZRMEBURAERT RS T IEMACRIVER, SR RENE 22 3] 1QA RUEEIR A, ZRTRBUR B G 0.2
3 0.8 Z 1A BB A R, 1145 ZR R IR R AN TIN5 5% (8 = D)AA [R] ABCEE I 2 3 B P e T B
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Table 3. The impact of different student model distillation loss weights on the performance of NR-IQA model
3. FRIFEEBIZAIBRANERT NR-1QA =B RER SN

IR A E OPM PLCC SROCC KRCC MAE MSE

£=0 2.3926 0.8994 0.8511 0.6422 0.0798 0.0116
£=02 2.6823 0.9609 0.9386 0.7828 0.0849 0.0104
p=0.25 2.6546 0.9429 0.9343 0.7774 0.0650 0.0090
p=04 2.6406 0.8872 0.9498 0.8037 0.0761 0.0150
p=05 2.6373 0.9328 0.9373 0.7673 0.0577 0.0070
£=06 2.7482 0.9603 0.9584 0.8295 0.0333 0.0041
£=0.75 2.8070 0.9916 0.9683 0.8471 0.0259 0.0010
p=08 2.7237 0.9788 0.9477 0.7972 0.0423 0.0034

p=1 2.6699 0.9588 0.9379 0.7732 0.0471 0.0047

3.3. ¥tEEscie

AW FENT LA BT T HE H I NR-IQA #5754 B2 v T IQA /R4 1M 4% : ViT. CNN-VIT. ResNet
[30]. DenseNet [31]. VGGNet [32]. GoogleNet [33]. A T LR IIZRII— 2, SREFIZESECAE, epoch
B B 100, SIS RIE S 4. IS RRY, A H I NR-IQA BB T%F LA R, 7EAT
BiMbfabs LA REN Y, ELaPERE L, AW NR-IQA BEAIDL 2.8070 41k, #IXAL
T VGGNeT #2714 0.8%, K HAELE A VERE 1 B A B B AL A A5 74 1 NR-IQA AU 7E PLCC
fabr BRI, 55 4K DenseNet 27+ 1.17%. S 45 RIGUE 1 AHF 7082 H A NR-IQA BEALTE 1QA
RS Se g AT S I, 9 NR-IQA BERTE NG R Y 5 (1 B FH B At 1 T B AR B

Table 4. Experimental results of different comparative models

4. FEEERBHSEIGER

LY OPM PLCC SROCC KRCC MAE MSE
ViT 2.7224 0.9562 0.9533 0.8128 0.0552 0.0073
CNN-VIT 2.7836 0.9746 0.9669 0.8420 0.0378 0.0031
ResNet 2.7126 0.9577 0.9508 0.8041 0.0583 0.0063
DenseNet 2.7731 0.9799 0.9621 0.8311 0.0591 0.0049
VGGNeT 2.7839 0.9762 0.9654 0.8423 0.0333 0.0024
GoogleNet 2.7423 0.9633 0.9597 0.8194 0.0665 0.0090
EN I 2.8070 0.9916 0.9683 0.8471 0.0259 0.0010

4. Wig

NR-IQA B 1E 37 5 N BHEE A = WPPAl v B — B & G T VP R R o AR U4t — Rl T
TREE 2] ) NR-IQA #i AL, %M ALK CNN #ilk 5 VIT Bith4h &, FIRIZE 4 4> CNN-VIT P88 RHE A
FOMELRY, DIBSHUB RHE AR 2 KBV 1QA I FE, B 456 MR AL TRAESE, UM AL {5 B8R E 1
ANSEAE R (B — CNN-VIT RIZ%) . AHF7CFIFH CCCID $dli 42 % #2 L ) NR-1QA REAUHEATIGAE, 415t
CT EUGEHRAE AT SB5 1QA TE/ I B, 454 PSNR 1 SSIM BN 48 bR K 1T CT BIG R &, FAf
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FHFARTE CCCID ¥ 42 R I ZH AR, SR 2R sBil 1 0 i 1QA HERfIPE, i CT WG I EVF ST 55
AL TR B A

G LG A TR, FHECT MM VIT B, 454 CNN BLEFD VIT B i B iR I HLE| B
REfg P m A AR Rl . HLAE 1 A0 sat o SRR I 24 CNN Bith st &= 4 4Mif, OPM 12 %) 2.8070, PLCC %
fif 0.99 H MAE [f % 0.0259, #/~ % 2 JURHESR B AT A 20 3k CT BRI 2 JUB i SRR AE - R0, % CNN
A E I 2 5 M, OPM % 3.26%, MAE i 94.6%, FKEHILIRMIINES S5k 2 5] ik R 1L .

T 2 [ 3% 2, B8 U O B RS B P B PR 52 1 S0 3R B, MR ORI I 28 4 N, OPM ik U445 2.8070,
PLCC %%/ 0.99 H MAE [# %% 0.0259, iiF HH id 5 45 Bt il I R fiF FUAM 2 35 3 sm VA B e o SR, 48U
A% 5 AN, OPM FFf 2.25%. MAE b7t, R EEAERLT| R BRI, SRRV RE = — & 152
M o

AR FOILTE T KR Z B Rk T AR BRI ZR i 38Om 0 o SR RS2 1 2 T
BT &, EAPNNGE A IR T2 AR S5, SRR P TRIR 28T & i, B HAEN
HISERR 1QA bRl i T A A Gk, A 0O IAR T 250AE 2 Ay AW oty FO of 2% A B T e 7 A= R A
FlsZm, M FECEARR . B AR A0 R . & 3 MSRIngs R, 2RI RCE R R
PR EEME, 24 =075, HEALARIMEAE(OPM =2.8070, PLCC =0.9916), MAE %7 1(8 = 0)
FEAIK 67.5%, B0 UF I F58 3 A 2800 s B m] Bl R AR AL 2 R 06T 555 T kG FE

BEAN, ARSREIHE T TAE R %% B T RS H A NR-IQA BLELIIZ ALBE 17, it 78 HiAth B2 2 G B
£ LT VRN .

5. &g

ARFFEEE T —MET VIT BLERUATRZE RIS ) NR-IQA B, 1ZAE AL CNN B S ViIT i
i, [FRFIZR 4 4> CNN-VIT P28 A E N ZOMER, DUEHBURFHE A 2 IR EM 1QA 11, HeE 4
BHTRZRIEAESE, S BUTRAL (5 B2 IR ) 1 AR, Ex CT BUREIR AR SEFR 1QA ¥4 1)
i, AHEFLAE A PSNR I SSIM AN ZMAE R K AL CT BUR R &, I8 HARIE CCCID i 4 LI
ZRPE ) NR-IQA #AY, B sl T it IQA HEmfTE, N CT EUER AR ST 5532 44 1 3 i B i A
Jriks

E ST H
A NBEST A T AR HRORAH 78 702 (18DZ2250900)
S 3k

[1] Xun, S.Y., Li, Q.Y., Liu, X.H., et al. (2025) Charting the Path Forward: CT Image Quality Assessment—An In-Depth
Review. arXiv: 2405.00075.

[2] i, X. and Babyn, P. (2018) Sharpness-Aware Low-Dose CT Denoising Using Conditional Generative Adversarial Net-
work. Journal of Digital Imaging, 31, 655-669. https://doi.org/10.1007/s10278-018-0056-0

[3] Kasban, H., EI-Bendary, M. and Salama, D. (2015) A Comparative Study of Medical Imaging Techniques. International
Journal of Information Science and Intelligent System, 4, 37-58.

[4] Gao, Q. Li, S., Zhu, M., Li, D., Bian, Z., Lv, Q., et al. (2020) Combined Global and Local Information for Blind CT
Image Quality Assessment via Deep Learning. Medical Imaging 2020: Image Perception, Observer Performance, and
Technology Assessment, Houston, 15-20 February 2020. https://doi.org/10.1117/12.2548953

[5] Lee, W, Cho, E., Kim, W., Choi, H., Beck, K.S., Yoon, H.J., et al. (2022) No-Reference Perceptual CT Image Quality
Assessment Based on a Self-Supervised Learning Framework. Machine Learning: Science and Technology, 3, Article
ID: 045033. https://doi.org/10.1088/2632-2153/aca87d

DOI: 10.12677/mo0s.2025.143214 196 AR5

N

/,+


https://doi.org/10.12677/mos.2025.143214
https://doi.org/10.1007/s10278-018-0056-0
https://doi.org/10.1117/12.2548953
https://doi.org/10.1088/2632-2153/aca87d

R

H

(6]
(7]
(8]
[°]
[10]
[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]

[21]

[22]
[23]

[24]

[25]

[26]

[27]

Zarb, F., Rainford, L. and McEntee, M.F. (2010) Image Quality Assessment Tools for Optimization of CT Images.
Radiography, 16, 147-153. https://doi.org/10.1016/j.radi.2009.10.002

Bevabcmlal, A. (2016) Knowledge-Based Taxonomic Scheme for Full-Reference Objective Image Quality Measurement
Models. Journal of Imaging Science and Technology, 60, 60406-1-60406-15.

Sara, U., Akter, M. and Uddin, M.S. (2019) Image Quality Assessment through FSIM, SSIM, MSE and PSNR—A Com-
parative Study. Journal of Computer and Communications, 7, 8-18. https://doi.org/10.4236/jcc.2019.73002

Wang, Z., Bovik, A.C., Sheikh, H.R. and Simoncelli, E.P. (2004) Image Quality Assessment: From Error Visibility to
Structural Similarity. IEEE Transactions on Image Processing, 13, 600-612. https://doi.org/10.1109/tip.2003.819861

Rehman, A. and Wang, Z. (2012) Reduced-Reference Image Quality Assessment by Structural Similarity Estimation. IEEE
Transactions on Image Processing, 21, 3378-3389. https://doi.org/10.1109/tip.2012.2197011

Bampis, C.G., Gupta, P., Soundararajan, R. and Bovik, A.C. (2017) Speed-QA: Spatial Efficient Entropic Differencing
for Image and Video Quality. IEEE Signal Processing Letters, 24, 1333-1337. https://doi.org/10.1109/Isp.2017.2726542

Zhang, Y., Phan, T.D. and Chandler, D.M. (2017) Reduced-Reference Image Quality Assessment Based on Distortion
Families of Local Perceived Sharpness. Signal Processing: Image Communication, 55, 130-145.
https://doi.org/10.1016/j.image.2017.03.020

Lu, Y., Fu, J, Li, X., Zhou, W., Liu, S., Zhang, X., et al. (2022) RTN: Reinforced Transformer Network for Coronary
CT Angiography Vessel-Level Image Quality Assessment. In: Wang, L., Dou, Q., Fletcher, P.T., Speidel, S. and Li, S.,
Eds., Medical Image Computing and Computer Assisted Intervention—MICCAI 2022, Springer, 644-653.
https://doi.org/10.1007/978-3-031-16431-6_61

Baldeon Calisto, M.G., Rivera-Velastegui, F., Lai-Yuen, S.K., Riofrio, D., Pérez, N., Benitez, D., et al. (2024) Distilling
Vision Transformers for No-Reference Perceptual CT Image Quality Assessment. Medical Imaging 2024: Image Pro-
cessing, San Diego, 19-22 February 2024. https://doi.org/10.1117/12.3004838

Xun, S., Jiang, M., Huang, P., Sun, Y., Li, D., Luo, Y., et al. (2024) Chest CT-IQA: A Multi-Task Model for Chest CT
Image Quality Assessment and Classification. Displays, 84, Article ID: 102785.
https://doi.org/10.1016/j.displa.2024.102785

Gao, Q. Li, S., Zhu, M., Li, D., Bian, Z., Lyu, Q., et al. (2019) Blind CT Image Quality Assessment via Deep Learning

Framework. 2019 IEEE Nuclear Science Symposium and Medical Imaging Conference (NSS/MIC), Manchester, 26 Oc-
tober-2 November 2019, 1-4. https://doi.org/10.1109/nss/mic42101.2019.9059777

Ayaan, H., Adam, W. and Abdullan-al-zubaer, I. (2022) Noise2Quality: Non-Reference, Pixel-Wise Assessment of Low
Dose CT Image Quality. Image Perception, Observer Performance, and Technology Assessment: Medical Imaging 2022,
San Francisco, 20-24 February 2022, 120351C-1-120351C-6.

Mudeng, V., Kim, M. and Choe, S. (2022) Prospects of Structural Similarity Index for Medical Image Analysis. Applied
Sciences, 12, Article 3754. https://doi.org/10.3390/app12083754

Hore, A. and Ziou, D. (2010) Image Quality Metrics: PSNR vs. SSIM. 2010 20th International Conference on Pattern
Recognition, Istanbul, 23-26 August 2010, 2366-2369. https://doi.org/10.1109/icpr.2010.579

Cavaro-Menard, C., Zhang, L. and Le Callet, P. (2010) Diagnostic Quality Assessment of Medical Images: Challenges
and Trends. 2010 2nd European Workshop on Visual Information Processing (EUVIP), Paris, 5-6 July 2010, 277-284.
https://doi.org/10.1109/euvip.2010.5699147

Dosovitskiy, A., Beyer, L., Kolesnikov, A, et al. (2021) An Image Is Worth 16 x 16 Words: Transformers for Image
Recognition at Scale. arXiv: 2010.11929.

Hinton, G., Vinyals, O. and Dean, J. (2015) Distilling the Knowledge in a Neural Network. arXiv: 1503.02531.

Zhao, Q., Zhong, L., Xiao, J., Zhang, J., Chen, Y., Liao, W., et al. (2023) Efficient Multi-Organ Segmentation from 3D
Abdominal CT Images with Lightweight Network and Knowledge Distillation. IEEE Transactions on Medical Imaging,
42, 2513-2523. https://doi.org/10.1109/tmi.2023.3262680

XA, e, dkeh, BEEDE. BT R E 4 SRR 2800 RS 1 O IR R G 2 #I[). AR S LRE 4
£, 2024, 41(6): 1204-1212.
Chen, G., Choi, W., Yu, X, et al. (2018) Learning Efficient Object Detection Models with Knowledge Distillation. 31st

Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, 4-9 December 2017, 742-751.
https://dl.acm.org/doi/10.5555/3294771.3294842

Saputra, M.R.U., Gusmao, P., Almalioglu, Y., Markham, A. and Trigoni, N. (2019) Distilling Knowledge from a Deep
Pose Regressor Network. 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, 27 October-2
November 2019, 263-272. https://doi.org/10.1109/iccv.2019.00035

Su, S, Yan, Q., Zhu, Y., Zhang, C., Ge, X., Sun, J., et al. (2020) Blindly Assess Image Quality in the Wild Guided by a

DOI: 10.12677/mo0s.2025.143214 197

e
dr
:_[
m


https://doi.org/10.12677/mos.2025.143214
https://doi.org/10.1016/j.radi.2009.10.002
https://doi.org/10.4236/jcc.2019.73002
https://doi.org/10.1109/tip.2003.819861
https://doi.org/10.1109/tip.2012.2197011
https://doi.org/10.1109/lsp.2017.2726542
https://doi.org/10.1016/j.image.2017.03.020
https://doi.org/10.1007/978-3-031-16431-6_61
https://doi.org/10.1117/12.3004838
https://doi.org/10.1016/j.displa.2024.102785
https://doi.org/10.1109/nss/mic42101.2019.9059777
https://doi.org/10.3390/app12083754
https://doi.org/10.1109/icpr.2010.579
https://doi.org/10.1109/euvip.2010.5699147
https://doi.org/10.1109/tmi.2023.3262680
https://dl.acm.org/doi/10.5555/3294771.3294842
https://doi.org/10.1109/iccv.2019.00035

=3
I
Bl
#

(28]

[29]

[30]

[31]

[32]

[33]

Self-Adaptive Hyper Network. 2020 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Se-
attle, 13-19 June 2020, 3664-3673. https://doi.org/10.1109/cvpr42600.2020.00372

Wu, J., Ma, J., Liang, F., Dong, W., Shi, G. and Lin, W. (2020) End-to-End Blind Image Quality Prediction with Cas-
caded Deep Neural Network. IEEE Transactions on Image Processing, 29, 7414-7426.
https://doi.org/10.1109/tip.2020.3002478

Lee, W., Wagner, F., Galdran, A., Shi, Y., Xia, W., Wang, G., et al. (2025) Low-Dose Computed Tomography Perceptual
Image Quality Assessment. Medical Image Analysis, 99, Article ID: 103343.
https://doi.org/10.1016/j.media.2024.103343

Xu, L. and Chen, Q. (2019) Remote-sensing Image Usability Assessment Based on Resnet by Combining Edge and
Texture Maps. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing, 12, 1825-1834.
https://doi.org/10.1109/jstars.2019.2914715

Jiang, T., Hu, X,, Yao, X., Tu, L., Huang, J., Ma, X., et al. (2021) Tongue Image Quality Assessment Based on a Deep
Convolutional Neural Network. BMC Medical Informatics and Decision Making, 21, Article No. 147.
https://doi.org/10.1186/s12911-021-01508-8

Gao, F., Yu, J., Zhu, S., Huang, Q. and Tian, Q. (2018) Blind Image Quality Prediction by Exploiting Multi-Level Deep
Representations. Pattern Recognition, 81, 432-442. https://doi.org/10.1016/j.patcog.2018.04.016

Sun, J., Wan, C., Cheng, J., Yu, F. and Liu, J. (2017) Retinal Image Quality Classification Using Fine-Tuned CNN. In:
Cardoso, M., et al., Eds., Fetal, Infant and Ophthalmic Medical Image Analysis, Springer, 126-133.
https://doi.org/10.1007/978-3-319-67561-9_14

DOI: 10.12677/mo0s.2025.143214 198

e
dr
:_[
m


https://doi.org/10.12677/mos.2025.143214
https://doi.org/10.1109/cvpr42600.2020.00372
https://doi.org/10.1109/tip.2020.3002478
https://doi.org/10.1016/j.media.2024.103343
https://doi.org/10.1109/jstars.2019.2914715
https://doi.org/10.1186/s12911-021-01508-8
https://doi.org/10.1016/j.patcog.2018.04.016
https://doi.org/10.1007/978-3-319-67561-9_14

	基于深度学习的无参考CT图像质量评估模型
	摘  要
	关键词
	A No-Reference CT Image Quality Assessment Model Based on Deep Learning
	Abstract
	Keywords
	1. 引言
	2. 数据集与模型构建
	2.1. 数据集
	2.2. 模型构建
	2.2.1. CNN模块
	2.2.2. ViT模块
	2.2.3. 知识蒸馏框架
	2.2.4. 评估指标
	2.2.5. 实验环境


	3. 结果
	3.1. 实验结果
	3.2. 消融实验
	3.2.1. CNN模块消融实验
	3.2.2. 集成模型消融实验
	3.2.3. 蒸馏损失权重实验

	3.3. 对比实验

	4. 讨论
	5. 结论
	基金项目
	参考文献

