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Medical Ultrasound Image Super-resolution Reconstruction Based on Video Multi-frame Fusion

ZHAO Ran, YUAN Jiabin and FAN Lili

School of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China

Abstract Medical ultrasound imaging is one of the most widely used methods in clinical diagnosis. However., the resolution and
contrast of ultrasound images are low,and the noise is serious. Image Super-resolution is widely used to improve the quality of ul-
trasound images. However, the exsisting studies lack full use of complementary information in ultrasound video frames,so the re-
sults are not ideal. To solve this problem. this paper proposes a super-resolution method of medical ultrasound images based on
video multi-frame fusion. Firstly,it builds a multi-frame fusion model based on convolutional neural network for ultrasound ima-
ges. The model obtains the fused image with rich information by feature fusion of continuous multi-frame images. Then,it builds
a lightweight image super-resolution model based on data-free knowledge distillation. The model trains fused feature images to
obtain a teacher super-resolution model. To obtain the final high-quality medical ultrasound image.it creates a lightweight student
super-resolution model using the trained teacher model and training data from the generative adversarial network. Finally, the pro-
posed method is tested on large ultrasound datasets,using two objective image evaluation indicators and results on image classifi-
cation to evaluate its performance. The results show that compared with other methods, the proposed method not only improves
the resolution of ultrasound images,but also obtains ultrasound images with more information and higher contrast. The recogni-
tion accuracy of the super-resolution image obtained by this method in the classification network can reach 97. 30% , which is
much higher than that of previous approaches and can increase productivity and the precision of clinical diagnoses.

Keywords Medical ultrasound image, Multi-frame fusion, Super-resolution reconstruction,Data-free knowledge distillation, Con-
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A B 5 53 2SR5 B O T G 25 AT LE 3K
4.1 KWiFEfE

A% TR Z2 i il G B L R R 3 PR R AL R AR AE PyTorch #E
Weh ST, 7E Tesla K4om By GPU R 55 #8 F & L I 25 A i
WA CUDA /RS R4 n i 2% . Scg e Bk 1 irs, £
T A 19X 28 R 225 U 43 10 26 I R A A B B R N B R
1020X768.2 3] Kl epoch ¥ B ¥ M. 2% R E N
107" i Adam AL 2SS AT 4L, 7E 200 4~ epoch Z J& ¥
22 3] BE L E 1000 4> epoch 22 J5 3R 5 4 1Y 22 ot il & 19 4%
FHTAE 5 W 45 . Z il & 45 5 AR i si Bl 6. 2618
KRBT wr BN 1.0,

#1 LRAECE
Table 1

S B
CPU:4 Cores Red Hat 4. 8. 3-9
RAM:62GB CUDA 9.0+ CUDNN 7.0.5
GPU: Tesla K40m(45 GB) Pytorchl. 0. 0+ Python3. 6

Experiment setup
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Table 2 Comparison of different frames fusion on IL-NIQE

2 i 3 6 i 9 i 12

R 41.57  41.31  41.01  41.72  42.06

& BE D 38.01 38.22 38.02 38.20 39.18

/RS 48.37  48.28  47.76  48.97  48.04

FEALE  37.26  37.01 37.04 37.82 37.53
TE O 7 1R e s It 4 2R

# 3 AREIWECRELE B EN EX] L

Table 3 Comparison of different frames fusion on EN

2 i 3 i 6 i 9 i 12 i
B i 5.4469  5.4529  5.4748  5.4924  5,5074
JEBE A 4.2676 4.2558 4.3468 4.3896 4.4592
Jik# 3k 4.3571 4.3572  4.3768  4.3907  4.3967

T 5.6355  5.6363  5.6440  5.6480  5.6473

IR R SRR B AR
4.4.2 % Wak A ey R AR
ShE W) 22 W R B A AR AR T HEAT T I R SE S A AR
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(D TCRRG A STy ¥ P B 22 Wi 5 3 23 5 41, 18- 31 —
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() A Rl o AR SCER M Y 5 A0 22 Tl 5 £ 40 % o
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4 BhAK IL-NIQE 79 @l 52 56 45
Table 4 Results of ablation studies for fusion on IL-NIQE
VRS BEh#  MEML HELX FENE
T A 64. 84 52. 64 68. 54 56.94
H A 54.25 48.40 57.30 48.59
TE IR SR R R B R R
5 FARY EN IR ST 25 R
Table 5 Results of ablation studies for fusion on EN
VS i RS MmEX FELE
% #h A 4.9192  3.9965 4.2194 5.2835
A 5.5917 4.7520 4.9786 5.8397

TR PR R d PR A 2R

4.5 Jik3tEe

il 1 US37 B4 42 U1 25 Ak o6 A SCHE i ik 5 B
A G A 5 $E R O R AT LR, 45 FSRCNN™T, VDSR,
EDSR, RCANI!, ESPCN™!", Reall ESRGAN, ENLCN A
FDIWN, 7 SCAHY X bb 52 56 B 0 55 5 115088 43 B R O ik
A0 45 22 BG4 9% 307 0k, TR G 1 43 199 B 26 O i 2 g 3 &
6 M 14 5 PR A5E 2 e S 2 R0 - 38 H 5 1 22 6 wiAs Bl £ &
G 5 3R 485 SR AE 0B 55 SR 0 A A b AT X L. AR
S S R P15 4 2 i B 3R T A K B AE RO 2 A ARG R
T/, Real- ESRGAN HA K 4 5 Ry 45 R B, B AE 4.5.1 39
4.5, 3 WX LE %A B i Real ESRGAN 94 LE 2
4.5.1 MR

BH AT E NS LA SR X A 5
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T3 M A AR 2 (] B9 AN S L A5 2 A9 20 BT R P R
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(a)RCAN (b) ESPCN (c) VDSR (d)FSRCNN

(e)EDSR
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Fig. 5

US37 75 54 4 108 RO 19 % 1
Visual results comparison on US37 datasets
4.5.2 FEMHER

ARSCHE US37 MR 4E LIS T AU AR WA BT 4
A HA R DA SV ALY S0 25 R KR 3 LR BRI
BB Sk AT B LI, T AR IL-NIQE #1 EN (1% %) F 45 3 4
6 METHH . RG] DU AR SO
AW PRITE LA T RERT,
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Table 6 IL-NIQE of different SR methods on US37 datasets

scale RCAN ESPCN VDSR FSRCNN  EDSR ReallESRGAN  ENLCN  FDIWN  Ours

X2 50. 68 51. 20 51.67 54,25 48.27 — 50. 92 50.71  50.04

ENES X3 50. 30 49.28 50. 37 52.25 48.91 — — 50.32  49.76

X4 48. 69 48. 94 50. 75 50.79 49. 25 44,76 50. 55 48.96  48.36

X2 57. 21 57.78 56. 33 58.77 57. 60 — 56.72 56.55  48.40

B A X3 57.26 58. 27 56.17 56. 21 56. 77 — — 55.77  49.29

X4 58. 97 57.98 57.05 56.08 59. 50 59.56 60. 62 59.15 55,54

X2 72.97 73.21 74.16 73.18 72.95 — 74.06 73.34  57.30

JE Ak X3 74.57 73.13 74.81 72.59 73.86 — — 74.71  64.16

X4 75.17 72.85 74,17 73.31 73.41 75. 30 75.22 75.37  56.30

X2 50. 93 51.13 48.35 51. 60 51. 21 — 51. 20 50.97  48.59

T g ALAE X3 50. 72 50. 74 51.49 51.12 50. 80 — — 50.01  49.72

X4 50.19 52,54 52.18 49. 27 50. 27 45,23 50. 20 48.74  50.21

TE A 7 AR e s Bt 2R
F 7 O7E US3T BHR & LR/ HR T 19 EN fH
Table 7 EN of different SR methods on US37 datasets

scale RCAN ESPCN VDSR  FSRCNN  EDSR  Real-ESRGAN ENLCN  FDIWN Ours
X2 4.2349  4.0619  4.0804 4.0505 4.2106 — 4.2716  4.2772  5.5917
ENES X3 4.2607 4.1642 4.0856 4.0993 4.2279 — — 4.2790 6.0451
X4 1.2281 4.0825 4.0859  4.1191 4.2132 1.1641 1.1816 4.2518  5.8843
X2 3.0434 2.9164 2.9355 2.9050  3.0295 3.0579 3.0809  4.7520
JEBE A X3 3.0257 3.0079 2.9359 2.9520 3.0430 — — 3.0854 5.2443
X4 3.0460 2.9256 2.9371 2.9730 3.0373 2.8712 3.0052 3.0689  5.0796
X2 3.2427 3.1598  3.1529 3.1568 3.2390 — 3.2484 3.2534  4.9786
RS X3 3.2443 3.2480 3.1534 3.1818 3.2422 — — 3.2655 5.4647
X4 3.2928  3.2211 3.1618  3.2322 3.2871 3.1831 3.2342 3.2819  5.3496
X2 4.5307  4.4057 4.4040 4. 4041 4.5306 — 4.5647 4.5530  5.8397
T g ALE X3 4,5319 4.5056 4.4053 4,4376 4.5388 — — 4.5620  6.3287
X4 4.5321 4.4457 4.4119 4.4345 4.5271 4.6068 4.5024 4.5343  6.1333

TR PR SRR e R4 2R
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4.5.3  EMy kAR AESFCN  MENLCA REDIWN BOws
AL HEEE T Inception-v2, Inception-v3, VGG16, ResNet- =
50 fl DenseNet-12 fE R 2 M 45, {H F 4. 2 iR US_ o
Class 4 452 4 1 25 F10 i3 26 40 26 009 46 . Adam i JH A 1 .
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(I 3N ST S

Fig 6 Overall classification accuracy

* 8RR

Table 8 Classification accuracy

A %0)
FSRCNN VDSR EDSR RCAN ESPCN ENLCN FDIWN Ours
Inception-v2 95. 50 93.47 92.98 96.01 88.29 96.08 96. 10 96. 14
Inception-v3 95.45 95.51 96. 96 96. 82 95.57 97.07 96.51 97.22
VGG16 94.55 94. 20 93.75 94.77 93.18 95.03 94.82 95. 14
ResNet-50 97.30 95.72 93.99 97.14 95.50 97.27 97.07 97.33
DenseNet-121 87.80 86. 86 87.64 85.26 87.05 88.96 89. 32 88.51
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