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Automatic Recognition of Abnormal Shadows in Chest Roentgenograms G < D IE T — 2% 5 B = LA R
Jun-ichiro Toxiwaxi**, Teruo Fuxusuza®®, Kazuo Kowke, M. D.***, Yoshio Taxact, M.D.*** SFML I LA TFRIET LT

C d of the r
pattern recognition problem. As the first step to approach the problem, we investigated

ram is regarded as a typical two-dimensional

the characteristics of the density distribution of the chest roentgenograms. Then we studied
the method of automatic recognition of rib boundaries.

As the next step, we studied in this paper the method of automatic recognition of
abnormal shadows in chest roentgenogram.

First, simple models of abnormal shadows in chest roentgenogram consisting of (1
some irregular figures whose uniform densities are known and whose shapes, sizes and
positions are unknown, and (2) additive Gaussian noise with 0 mean and known variance,
are assumed and recognition method is derived. Only outline of the method is stated here.

Next, this method is applied to the recognition of abnormal shadows in the real chest
roentgenogram. In this experiment, input patterns (roentgenograms) are processed accor-
ding to the following procedure : (i) measurement and sampling of film density, (ii) re-
cognition of boundaries of dorsal portion of ribs, (iii) subtraction of density corresponding
to dorsal portion of ribs, (iv) equalization of average density level in the horizontal direc-
tion, (v) recognition of boundaries of ventral portion of ribs, (vi) subtraction of density
corresponding to ventral portion of ribs, (vii) recognition of abnormal shadows (tuberculous
lesions).

Results of the experiment are stated here in detail. They show that the method used
in this paper was proved useful for detection of some kinds of abnormal shadows in chest

roentgenograms,
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DO 30 J=JX1 JX2 02924000 END 02953000
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, _ j T‘ _3 . ~2 . K ) Dl(l,_l,E’QJE:) l ASCI_7=". -+=*OM"
pra Or VP~ T V7 ’1,0‘ 1 def image to_ascii (
“ 1 " P 2P ASCI . D7 NAY img:  Image.Image,,
'\l/‘l,lu_ \1\410\44‘“[5 _]"l \-I\J'\I\-IWN Wldth:l!’lt=130,
.3 v levels: int =7,
a1 a P | charset: str = ASCII_7,
1) BE COI-FIHP-oTNBIE) char_aspect : float = 0.5,

EELLESE
e I =1IX1..IX2

. J = JIX1..1X2

O D1(1,)) DB AfE IWK1 &B/ME IWK2 2R, Z0HE [1wk2, TwKi] %

o N1 EZRE (FEL1~7(20Yv7F)

TEERICHBILTETL, EFALNVEUTORSICVYEYILT, TIECHALET,

< Plain text

ICHL = ".-+=*OM" (7ERPE)
L ~Jl1
L ~JL2
L-~<JL3
L ~JLa
L ~JLs
L ~Jle

L ~<IL7

= o % I+ 0 -

) ->list[str]:
ifmx==mn
# constantimage  -> middle -ish tone
idx = np.full_like (a, fill_value =(levels - 1)
/2, dtype =np.int32)
else:
# FORTRANIke quantization:
#level =1+ ( val - mn/((mx -mr/levels)
# then clamp to 1..levels
dd=(mx - mr/levels
v =10+(@ - mrn/dd
vl = np.clip (Ivl , 1.0, float(levels))
idx = ( Ivl.astype (np.int32) - 1) #0..levels
lines = ["".join(charset[ I]for 1 inrow) forrow in
return lines
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Overview on Research and Development of I

Cmpt -Aided Diagnostic Schemes
i, PhD
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I Early studies on guantitative analysis of medical images by computerl8, 19, 20, 2

22, 23 were reported in the 1960s. At that time, it was generally assumed that

computers could replace radiologists in detecting abnormalities, because computg

and machines are better at performing certain tasks than are human beings. Thus

the concept of computer diagnosis or automated diagnosis in radiology was
established at that time.

A AN T i MdMI W TN Y T YA Y

06 - sMdJdM1nM S°

I In the 1980s, however, another approach emerged which assumeththat
computer output could be utilized bsadiologists butdid not replace them[K. Doi

2004] Kunio Doi, Overview on research and development of comgaitded diagnostic
schemes, Seminars in Ultrasound, CT and MRI, Volume 25, Issue 5, 26410404
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i Findings Impressions
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i A G LLM
AN nM ™ JdAYMAT
(Findign$ Bilateral pleural effusion is unchanged

A VISIOnC Language MOde VLI\/P from last time. There is mild collapse of the left

lung base. A nodule in the central left lower lobe is

~ unchanged but gradually increasing. A small
I ’I /\I b Ai ,\1 1 localized groungylass opacity in the left lower lobe
> . N~ , z ~ R T is also unchanged. Right pleural thickening shows
VLM | /1 (] 3 /1 ,I | no significant change. Small scattered nodules in
z .- , - - . both lungs show no growth and are likely benign
U | 3 N A N ) postinflammatory. There is no significant lymph

node enlargement. The right mediastinal soft tissug
shadow is unchanged. Bilateral renal cysts are
present, with no hydronephrosis or ascites
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ARRG 2 Automated Radiology Report Generation

368 IEEE REVIEWS IN BIOMEDICAL ENGINEERING, VOL. 18, 2025 E '?l B

Automated Radiology Report Generation: A
Review of Recent Advances

Phillip Sloan*, Philip Clatworthy “, Edwin Simpson “, and Majid Mirmehdi

Abstraci—Increasing demands on medical imaging de- TABLE |
partments are taking a toll on the radiologist’s ability to RECENT ARRG REVIEW ARTICLES AND THEIR COVERAGE INCLUDING
deliver timely and accurate reports. Recent technological TOTAL NUMBER OF CITATIONS AND THE TOTAL NUMBER OF ARTICLES

advances in artificial intelligence have demonstrated great RELATED TO ARRG OR MEDICAL REPORT GENERATION

potential for automatic radiology report generation (ARRG),

Author Year Coverage # Cited # ARRG

sparking an explosion of research. This survey paper con- Allaouzi ot al [16] 301830157018 =0 0
ducts a methodological review of contemporary ARRG ap- Pavlopoulos et al. [17] 2019  2015-2019 65 7
proaches by way of (i) assessing datasets based on char- Monshi et al. [12] 2020  2015-2019 105 14
acteristics, such as availability, size, and adoption rate, (ii) Kaur et al. [14] 2022 2015-2021 83 19
examining deep learning training methods, such as con- Messina et al. [15] 2022 2016-2021 167 40
trastive learning and reinforcement learning, (iii) exploring laff[f;it“[,m iggg ggégjg%; igj :;

state-of-the-art model architectures, including variations
of CNN and transformer models, (iv) outlining techniques
___intaaratina clinical knowledae throuah multimndal innute

31




AGOYA R PO T—-‘—JLH
Mo, [T [Ec (i S

X S AMNAAD Js

7 Encoder Generated Report Decoder
CGFE MGF
Layer
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. LWE Feed Forward
Image Attention A
Encoder fusion MH-CSRA
Layer
. Normalization
Grand cam
Label
Embedding :
Predioreae Masked Multi-
EEEIRCLdBe Head Attention
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@ Matrix addition
® Matrix multiplication e o el . s
o Encoder Encoder Medica BioBert Normalization
OOOOO Semantic feature l History ?

OOOOO Multimodal feature | T T o

OO Fine-grained feature ' Embedding

OO0 Coarse-grained feature FGFE SFE T

OOOO0) Label word embedding Report
JunzeFang SuxiaXing,KexianLi, Zheng Guo, Ge Chongchongfu, Automated generation of chestidy imaging
diagnostic reports by multimodal and multi granularity features fusion,

Biomedical Signal Processing and ConBogs, hitps://doi.org/10.1016/j.bspc.2025. 107562 =




1=y

Y
-—) 4

Mol

9.

AMNAAD Js

Ground Truth

Base

MMG

the cardiomediastinal silhouette is within
normal limits. the lungs are normally inflated
without evidence of focal airspace disease,
pleural effusion or pneumothorax. no acute
osseus abnormality large hiatal hernia.

the cardiomediastinal contours are within
normal limits. the lungs are clear bilaterally
specifically. no evidence of focal consoli -
dation pneumothorax or pleural effusion. no
acute bone abnormality.

the cardiomediastinal silhouette is within
normal limits for size and contour. the lungs

are normally inflated without evidence of

focal airspace disease, pleural effusion or
pneumothorax. no acute bone abnormality.

there i1s moderate cardiomegaly, there are
bilateral interstitial opacities increased since
the previous exam, no focal airspace conso-
lidation pleural effusions or pneumothorax.
no acute bony abnormalities.

there 1s moderate cardiomegaly, no pleural
effusion. pneumothorax or focal airspace
disease, no acute bony abnormality.

there is moderate cardiomegaly, there is no
tocal airspace consolidation pleural etfusions.
no visualized pneumothorax. no acute bony
abnormality.

normal heart size. stable tortuous thoracic
aorta. prior granulomatous disease healed rib
fractures appear. stable focal opacity is noted
in the left midlung overlying the 9th posterior
rib which represents healing 1ib callus. no
pneumothorax or pleural eftusion.

the heart is normal in size. the mediastinum is
stable. there 1s no pleural effusion or
pneumothorax. aorta are tortuous. focal
opacity is noted. arthritic changes of the
skeletal structures are noted.

heart size within normal limits. stable
mediastinal contours. the mediastinum is
stable. no pleural effusion or pneumothorax.
there are stable tortuous of the aorta. focal
opacity is noted in the left.

heart size and pulmonary vascularity appear
within normal limits. there is mild tortuosity
to the descending thoracic aorta. the lungs are
free of focal airspace disease. no pleural
effusion or pneumothorax is seen. no discrete
nodules or adenopathy. degenerative changes
are present in the spine.

the heart size 1s normal. the lungs are free of

focal airspace disease. no pleural eftfusion or
pneumothorax. degenerative changes are in

the spine

heart size and pulmonary vascularity appear

within normal limits. the lungs are free of

tocal airspace disease. no pleural etfusion or
pneumothorax is seen. no discrete nodules .
degenerative changes of the thoracic spine.

Junze~ang SuxiaXing,KexianLi, Zheng Guo, Ge Chongchongfu, Automated generation of chestpdy imaging

diagnostic reports by multimodal and multi granularity features fusion,

Biomedical Signal Processing and ConBogs, hitps://doi.org/10.1016/j.bspc.2025. 107562
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[1] Aoyama, T., et al.: A cross-national investigation of ct, mri, pet, mammography, and radiation therapy resources and utilization (2024)
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[2] Blankemeier, L., et al.: Merlin: A vision language foundation model for 3d computed tomography (2024)
[3] Hamamoci, I.E., et al.: CT2Rep: Automated radiology report generation for 3d medical imaging (2024)
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4. Ibrahim EthenHamamocij et al., CT2Rep: Automated Radiology Report Generation for 3D Medical Imaging, https://doi.org/10.48550/arXiv.2403-66861—
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CT image Iinterpretation

A Singleshot image interpretation
I Diagnosis has been made only from one volume

A Longitudinal image interpretation

I Diagnosis has been made from longitudinal volumes
to find changes

£

Previous visit




W
-
y B ——
. A 3 P

— == = I-I
I —— ——
W = e ) e
MOI%II-\AB. ‘ \\\\\\ III |[=]‘|III \\\\\\\\\\\\ I..‘

VisionLanguage Mode{VLM)
PAIMAP A~ H AN A 1
D NYANYAdPp U PT Js
[ S R Y I MAUd1 Jds (Vision Language Action)
1M nNnA s i CNMR =~ A0 Js S|
A-VLM Y 4 1 s

1. 14 MnM (Image Encoder) 23 M AN 1dMnM (Text Encoder)
3. AN 1 (VisionLanguage Model) 4 M n M (Decoder)

Large Language Model

Text prompt to
generate captions
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CT image Iinterpretation
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A Singleshot image interpretation 1
I Diagnosis has been made only from one volume
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A Longitudinal image interpretation

I Diagnosis has been made from longitudinal volumes
to find changes
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CT report generation by VLM

[ RY
1
A Usinga 3D encoder to directly process 3D CT '__,-_,[ [ Sun }__L !
VO | U m % mloek : Feature Fusion I
. 3D Vision Encoder| | Block !
b Visual Encoder ! :
1
U pretrained 3D Swin Transformer is used to extract —:’ :
features from 3D CT volumes Se-q---

I
I
— Large Language Model

U A 3D convolutional layer followed by flattening

—_____merges spatial informaton_ __________ ! ,mm === ~.

B Language Model [ /FeatureFusionBlock\ \

0 A Japanese LLM (ELY@panesellama2-7b) | —~.» |

processes prompts and generates the final report I g _I |

b Endto-End Flow | i |
Go5 /¢ @2fdzyS I CSt (dNB S“ijer-c - b 1¢ NIy
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CT report generation by VLM

(a) Capture 3D CT Features
A Utilize a pretrained 3D Swin Transformer

(a) Capture 3D CT Features

S B

-
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: (b) Draft Report Generation _[ G t_ P rt }_“ (c) Final Report Generation
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(b) Draft Report Generation (Stage 1)
A CT features are first transformed into the

(c) Final Report Generation (Stage 2)
A The LLM (Qwen2-BB-Instruct) refines

to capture CT features from 3D CT
volumes.

text embedding space using a 3D
convolutional layer followed by a
flattening layer.

The text prompt is transformed into text
embeddings through a pre trained LLM
(ELYZAB and LLMJ3P.8B).
Transformed CT features are
concatenated with the text embeddings
and the concatenated features are sent tc
the Transformer Decoder Layer to
generate a draft report.

the draft report guided by prompts to
produce the final report.
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(Cystsare observed in the (Cysts are observed in both

kidney, but no abnormalities kidneys, but no

are foundin the liver, spleen, abnormalities are found in

gallbladder, pancreas, or the liver, spleen, gallbladder

adrenal glands Thereis no pancreas, or adrenal glands

lymphadenopathy, and no There is no

asciteds present) lymphadenopathy, and no
ascites is present.)




46




[
- — il
Moulxs. IR IEE] (= SmE

CT image Iinterpretation

A Singleshot image interpretation
I Diagnosis has been made only from one volume

" A Longitudinal image interpretation ml
es

I Diagnosis has been made from longitudinal volu
to find changes

£

Previous visit




48




