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Gate normalized encoder-decoder network for
medical image report generation

TAN Liwei', ZHANG Shujun’, HAN Qi’, GUO Qi', WANG Hongyan’

(1. School of Data Science, Qingdao University of Science and Technology, Qingdao 266061, China; 2. College of Information Sci-
ence and Technology, Qingdao University of Science and Technology, Qingdao 266061, China; 3. Qingdao Cadre Health Care Ser-
vice, Qingdao 266071, China)

Abstract: Automatic generation of medical image reports can alleviate the workload of doctors and reduce the rate of
misdiagnosis or missed diagnosis. Because of the uniqueness of medical images, lesions are usually small, and the gray
difference between them and normal areas is hard to differentiate, resulting in loss of keywords in text generation and in-
accurate reporting. Herein, a gated normalized encoder—decoder network for medical image report generation is de-
veloped, which optimizes visual feature extraction through the gated channel transformation unit, enhances the differ-
ence between features, and automatically screens key features. A gate normalization algorithm is designed to combine
contextual information along with the channel dimensions, activate the neurons between channels in the shallow net-
work, inhibit the neuron activity in the deep network, and filter invalid features, allowing full interaction between text
and visual semantics to enhance the quality of report generation. Experimental results on two widely used reference
datasets, [U X-Ray and MIMIC-CXR, reveal that the model can achieve advanced performance and generate image re-
ports with better visual semantic consistency.

Keywords: medical image processing; text processing; feature extraction; information fusion; channel coding; deep

learning; report generator; gray difference
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Fig. 2 Gate normalized encoder-decoder network
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Linear

(492048)  (49,512)
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Table 2 Comparative experimental results of different models

PAE/ TS Fpry FEETR BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L

2015 s&T?! 0216 0.124 0.087 0.066 — 0.306

2015 SA&T™ 0.399 0.251 0.168 0.118 — 0323

2017 AdaAtt™" 0.220 0.127 0.089 0.068 — 0.308

2017 At2in™ 0224 0.129 0.089 0.068 — 0.308

2017 HRNN"™ 0.439 0.281 0.190 0.133 — 0342

2018 CoAtt™ 0.455 0.288 0.205 0.154 — 0.369

2019 CMAS-RL"" 0.464 0.301 0.210 0.154 — 0.362

IU X-Ray 2020 Transformer"" 0.396 0.254 0.179 0.135 0.164 0.342
2020 R2Gen"" 0.470 0.304 0219 0.165 0.187 0371

2021 CMN™ 0.475 0.309 0.222 0.170 0.191 0375

2021 caA®” 0.492 0314 0.222 0.169 0.193 0.381

2021 PPKED"" 0.483 0315 0.224 0.168 0.190 0376

2021 Relation-paraNet™ 0,505 0.329 0230 0.168 — 0372

2022 ARG 0.498 0.319 0.231 0.181 0.212 0.386

2015 S&T™" 0.256 0.157 0.102 0.070 — 0.249

2015 SA&T™ 0.304 0.177 0.112 0.077 — 0.249

2017 AdaAtt™" 0.299 0.185 0.124 0.088 0.118 0.266

MIMIC-CXR 2017 At2in™ 0325 0.203 0.136 0.063 0.134 0.276
2018 Up-Down'™ 0317 0.195 0.130 0.092 0.128 0.267

2020 Transformer'" 0314 0.192 0.127 0.090 0.125 0.265

2020 R2Gen'" 0353 0218 0.145 0.103 0.142 0277




5% 2 1] W 4 T 10 B S B A 1 9 10— {2 C417-
&R2
AL AEA FEETR BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L
2021 CMN" 0353 0218 0.148 0.106 0.142 0278
2021 CA™" 0.350 0.219 0.152 0.109 0.151 0.283
MIMIC-CXR o
2021 PPKED 0.360 0.224 0.149 0.106 0.149 0.284
2022 A GEAERY 0.361 0.223 0.150 0.108 0.150 0.287
e B R R B, BT RIZL R IR -
34 GHEIRIE AT HTTIH— 4k ek 7 59 Transformer.

BT I T — A B v BE L) Chen 251
I ) ResNet101 + Transformer B 45 A1E N
Baseline!'™, f#i F§ GCT-ResNet( GR) . [JH—1k
( Gated-Norm ) {4 2 N B UL, 7E TU X-Ray 5
MIMIC-CXR 2 i 46 647 1T 1H B, 2558 0
R3PR. HH, 171,47 5 & Baseline 9451,
T 247 6 FE/RTE Baseline 19 3EmE |, H{di FH GCT-
ResNet A0 J7 4f 1Y F5 AiF $2 B X 2% |, Transformer
AR, 47 3047 7 R AU T TIH —fe sk ek
] 4f Transformer, 17 4. 17 8 fAF 4R 1Y 78 B A5
A, BIRR5E $ BOR He ff FH GCT-ResNet, 2 i it fifi

M 3 Pl LA 1) {U#E ] GCT-ResNet
(fr2. 47 6) 5SOUEATITIH—1L (17 3. 47 7)) B3R
PS5 AL T Baseline B, 33X J& K b 7 4 o4 3%
T ResNet 2B SE R AE I BE T, JE &0 AL T A5
U B A B X 55 #5 2) R B f B GCT-Res-
Net F1TIH—16 (17 4. 17 8) A LLIK 2| 5 4 19 45
W, R TTH— b B A 58 KA R, A
A BT 5 SCAS A R R B R R L AR AR 1Y
TERL, AT LIRS 2B Z B RRIE R R R, 7T
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Table 3 Ablation results
Bk 17 Al BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L

1 Baseline'"” 0.396 0.254 0.179 0.135 0.164 0.342

2 +GR 0.490 0310 0.220 0.169 0.197 0.370

IU X-Ray 3 + Gated-Norm 0.487 0.307 0222 0.175 0.205 0.375
4  +GR+Gated-Norm  0.498 0.319 0.231 0.181 0.212 0.386

5 Baseline!"” 0314 0.192 0.127 0.090 0.125 0.265

6 +GR 0353 0215 0.146 0.101 0.142 0.278

MIMIC-CXR + Gated-Norm 0.350 0.210 0.146 0.103 0.144 0.283
8  +GR+Gated-Norm  0.361 0.223 0.150 0.108 0.150 0.287

3.5 REIZFLE o
9 B 240 1%, i FH Baseline #2515 A iff 5%
P T A BAH N 4R 45, W&l 5 Fr 7R, Ground Truth

IR B, Generated Report A 245 7Y A i,
B o MR F 45 b i SR flA, B
TIHL 7S IE 8 ik, R A3 P 4812 1 ) F

Ground Truth

There is enlargement of the cardiac
silhouette. There is a focal opacity
within the right upper lung. There is
dense calcification of the thoracic aorta.
There is no pneumothorax. There is no
large pleural effusion.

Generated Report (Baseline) Generated Report (43)

The heart size is mildly enlarged.
There is no pneumothorax or pleural
effusion. Focal opacity is seen at the
upper right of the lung. Calcifications
occurs in the thoracic aorta.

The heart size is normal. Focal opacity
in the right lung. Calcification in the
thoracic aorta. No pneumothorax. No
large pleural effusion.

(a) 21 1

Ground Truth

There is a rounded dense opacity in the
lateral left midlung zone probably the
left upper lobe most suggestive of a
rounded pneumonia. There is no
pleural effusion. The heart and
mediastinum are normal.

The skeletal structures are normal.

Generated Report (Baseline) Generated Report (£3)

The heart and mediastinum are
normal. There a rounded dense opacity
in the middle and lateral part of the left
lung, in the upper left lobe. There is no
pleural effusion. The skeletal
structures are normal.

The heart and mediastinum are
normal. No skeletal structures
abnormality. The dense opacity in
the middle and lateral left lung.
No pleural effusion.

(b) 41 2

& 5

ZBIxTEE

Fig.5 Case comparisons
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