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A hybrid feature extraction deep learning model without convolutional
architecture for automatic imaging report generation

WANG Rui, HUA Rong. YI Xiulong, HAN Chenglei
(College of Computer Science and Engineering, Shandong University of Science and Technology, Qingdao 266590, China)

Abstract; In the generation of imaging reports, due to the imbalance of data between normal areas and abnormal
areas. keywords describing diseases are often covered by sentences describing normal areas of images, leading to the
misjudgment and missing judgment of abnormal image features. which seriously affects the quality of medical
reports. This study proposed a convolution-free deep learning model for hybrid feature extraction. In this model,
Swin Transformer was introduced into radiology reports for the first time, and a hybrid feature extractor was
designed to extract more fine-grained image features and accurately capture the abnormal features required for
generating imaging reports. An attention mechanism named visual-semantic collaborative attention was designed to
highlight the key feature information of the image and filter the non-critical information during the report
generation, thus effectively improve the quality of the abnormal report generation. Imaging reports were generated
by using decoder modules with memory mechanisms. Finally, an experimental comparison was made between the
proposed model and the current mainstream models in the IU X-Ray dataset of popular imaging report. The results
show that the proposed model achieves better results in language generation index and clinical evaluation.
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Impression:No acute cardiopulmonary
abnormality.

Findings: There are no focal areas of
consolidation. No suspicious pulmonary
opacities. Heart size within normal limits.
No pleural effusions. There is no evidence
of pneumothorax. Degenerative changes
of the thoracic spine.
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Fig. 2 Overall structure of hybrid feature extraction deep learning model without convolutional architecture
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Table 1 Effect comparison between the basic model and the model in this study
o R Bl B2 B3 B4 METEOR ROUEGE BRI H/ %
Base 43.9 26.7 18.6 14.0 16.9 35.4 —
Base+HFE 46.2 29.6 21.7 17.0 18.5 35.3 10.6
Base+ HFE+ VSC 48.8 31.6 23.0 17.8 19.7 37.2 17.0

DA B SRR T O 1 BB A R W AN [ B Transformer J2 BEAT SE 96, 45 R 03k 2 frow. ik 2 o)
L o A TR) PR A Y 2 R TP RE AN () LA B 2 B0 3 I RE di A« A B LAt 2 B PR RE S TH K

% 2 A [E Transformer E# H R B L1645 R

Table 2 Experimental results of the model with different Transformer layers

JZ2H Bl B2 B3 B4 METEOR ROUEGE
1 45.8 29.5 21.5 16.6 18.8 36.7
2 43.2 28.1 20.2 15.3 17.8 35.0
3 48.8 31.6 23.0 17.8 19.7 37.2
4 41.8 26.9 19.8 15.5 17.1 34.8
5 12.9 27.1 19.8 15.4 17.2 34.6

BEAD A AR 5 Y[ Y R SentSAT+KG! (CMAS-RL" [CMCL™ [R2Gen"" il CMN™#' Jf
17 BARE S A AR AR CR A L I0ER 3 BoR o X BT R AR BR ROUEGE Z 409 5 A9 b 2 00 F 3
il E WAL
®3 FAWABBNEERIMNERES ERRRYLRI

Table 3 Comparison of NLG index effect between the proposed model and the existing models

i) Bl B2 B3 B4 METEOR ROUEGE
SentSAT+KG 44.1 29.1 20.3 14.7 — 36.7
CMAS-RL 46.4 30.1 21 15.4 — 36.2
CMCL 47.3 30.5 21.7 16.2 18.6 37.8
R2GEN 47.0 30.4 21.9 16.5 18.7 37.1
CMN 47.5 30.9 22.2 17.0 19.1 37.5
EN T 48.8 31.6 23.0 17.8 19.7 37.2

Oy SR M iR AN AR R AR A A B 0 — 2 AR R S S AT I A BT AR T 1 AL N B I

J RO 1T e G P 45 L R R Ground-truth report 271 IE ) B9 41t 75 » Generated report 78 A A5 1 A= 1Y 4
o WA 7 ATLAE Y Baset HFE+VSC AR A D4R B i 240 %7 1 rre 1] 450005k o o B M 4 i A2 e 18 2 4l
BT B SRR AL Xk BEAIL 20 A /NI ek Ul 2 A A B B 0 B BE A AR R T R I A
FEAR—BO IR . BT R ZT R gy g AR R T B B 1S S ) R B A - A S B B L R 5 . 2R T
AR AS A8 581 A G R AR A R R R 0 B T Lk T MR N A B OSCAR Z T YOG AR
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Ground-truth report
The cardiac silhouette and mediastinal contours are
within normal limits. There is no focal opacity. There is
no pneumothorax. There is no large pleural effusion.

X

Generated report
the lungs are clear bilaterally. specifically no
evidence of focal consolidation pneumothorax or
pleural effusion. cardio mediastinalsilhouette is
unremarkable. visualized osseous structures of the
thorax are without acute abnormality .

7 AHRETRER LR ETRE G

Fig. 7 An example of a medical report generated by the proposed model
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