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Abstract

In clinical radiology reports, doctors capture important information about the patient’s
health status. They convey their observations from raw medical imaging data about the
inner structures of a patient. As such, formulating reports requires medical experts to
possess wide-ranging knowledge about anatomical regions with their normal, healthy ap-
pearance as well as the ability to recognize abnormalities. This explicit grasp on both the
patient’s anatomy and their appearance is missing in current medical image-processing
systems as annotations are especially difficult to gather. This renders the models to be
narrow experts e.g. for identifying specific diseases. In this work, we recover this miss-
ing link by adding human anatomy into the mix and enable the association of content in
medical reports to their occurrence in associated imagery (medical phrase grounding).
To exploit anatomical structures in this scenario, we present a sophisticated automatic
pipeline to gather and integrate human bodily structures from computed tomography
datasets, which we incorporate in our PAXRAY: A Projected dataset for the segmenta-
tion of Anatomical structures in X-RAY data. Our evaluation shows that methods that
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Figure 1: Overlap between the segmentation of anatomies and expert annotations on a sample
of OpenI [16] indicating the necessity of anatomical understanding. Boxes are radiologists’
annotation of findings. Masks show predictions for ‘6th right rib’, ‘spine’ and ‘heart’

take advantage of anatomical information benefit heavily in visually grounding radiol-
ogists’ findings, as our anatomical segmentations allow for up to absolute 50% better
grounding results on the OpenI dataset as compared to commonly used region proposals.

1 Introduction
With millions of images being produced every year, chest radiographs (CXR) are an essen-
tial part of daily clinical practice for initial diagnosis of pathologies such as rib fractures [2],
pneumothoraces [70] or pulmonary infections [6]. For their interpretation, medical experts
undergo extensive training to understand the present body structure and its consequent devi-
ations for a radiologic image of a patient [7]. Subsequently, the radiologist summarizes the
relevant visual information as a medical report for the further clinical workflow.

In Fig. , we display an example of a medical report. We display in the CXR on the right,
that the radiolist’s report follows anatomical structures to localize and describe anomalies
similar to the prominent ABCDE-scheme [58]. We argue the utilization between these cor-
relations between anomalous findings and anatomical regions can be beneficial in the under-
standing of medical reports. For example, the finding PULMONARY NODULE OVERLYING
THE POSTERIOR SIXTH RIB can be localized using automatic anatomical segmentation.

However, the arising challenge now becomes how to get hold of these segmentations?
Dense annotations for natural [14] and medical images [22] are challenging to collect. For
segmentations in X-rays, this issue is exacerbated due to the body absorbing radiation to a
highly varying degree leading to anatomical structures in two-dimensional images being vis-
ibly overlayed with each other. This leads to ambiguous, inextricable, visually blended pat-
terns in X-rays that even with expert knowledge annotating fine-grained anatomy structures
are unfeasible. This is also stated by Seibold et al. [52] as the fine-grained mask annotation
of a single CXR takes up to three hours. Due to this immense cost, most datasets stick to
either a minimal mask labels [29, 56], or strictly rely on image-level labels [9, 16, 27, 31, 63].

To bypass these issues, we find inspiration in three related facts: Firstly, computed to-
mography (CT) being aggregated multi-view 2D X-Rays [23]. Secondly, the immense ad-
vantages in identifying anatomy in CTs [10], i.e. the esophagus can easily be tracked in a CT
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whereas it is harder in CXRs. Lastly, the consistent body structure of a patient throughout
modalities. Building upon these observations, we contribute threefold:

We propose the use pipeline which makes use of proven segmentation methods in CTs
to generate accurate anatomical annotation and subsequently transfers the 3D labels with the
respective CT scan to 2D leading to simpli�ed gathering of accurate CXR annotations.

Using this pipeline, we present the�rst �ne-grained anatomy dataset:PAXRay. Based
on high quality predictions in the CT space, we display 92 individual labels of anatomical
structures, which, when including super-classes, lead to a total of 166 labels in both lateral
and frontal view. We make the dataset available for the community here.

Finally, we show that the usage of �ne-grained anatomical structures can noticeably assist
in matching medical observations and image regions. We, hereby, outperform commonly
used region proposal methods by up to 50% Hitrate for grounding methods.

2 Related Work

Medical Image Understanding. The amount of CXR datasets [9, 16, 27, 32, 63] allowed
for a massive development of deep learning approaches [4, 25, 45, 46, 47, 50, 64, 69]. These
datasets are typically automatically annotated by a text classi�er trained on a �xed set of
diseases [27, 57, 63]. Many works exist for the identi�cation of diseases [5, 47, 50, 63], au-
tomated generation of reports [45, 64] or visual question answering [55]. While there have
been methods which move away from �xed set training through multi-modal contrastive
training to become more �exible [26, 51, 59, 72], deep learning algorithms in this area
is widely regarded as a black box [8]. Several of these methods integrated interpretability
through the use of class activation mappings [54, 63, 75] or attention [45] which, however, di-
verges from a doctor's anatomy-based approach [58]. While some approaches emerged that
utilize anatomical information [1, 20], the level of detail is restricted to bounding boxes [65]
or the heart and lung area as found in i.e. the JSRT dataset [56], thus narrowing down the po-
tential �eld of application. Through the generation of our �ne-grained PAX-Ray, the largest
anatomy segmentation dataset at the time, we propose the usage of anatomical information
in CXR to enable further interpretability of medical image analysis, and the diagnoses of
physicians.
Visual Phrase Grounding.Visual grounding seeks to encode informative content in natural
language with visual features to localize visual content referenced in the text [15, 17, 18,
19, 66, 68]. Most of such methods are two-stage methods [15]. In the �rst stage, a region
proposal method such as EdgeBoxes [76], Selective Search [61] or trained detectors like
Faster-RCNN [48] generates potential regions of interest. In the second stage, one tries to
match queries to a �tting region based on their af�nity [15, 19, 39]. As the two-stage model
performance directly relies on the usability of the proposal methods, they can be seen as their
upper bound [68]. In this work, we notice that proposal methods are suffering in the X-ray
domain and propose to offset the shortcomings through the use of anatomical segmentations.

3 Automated Generation of Projected CXR Datasets

Due to the immense dif�culty of gathering precise pixel-wise annotations in the CXR do-
main, most datasets rely on either automatically parsed pathology labels or complete medical
reports. In contrast, as we extract information from much easier to annotate CTs, we propose
a novel pipeline for generating annotations assisting the CXR domain and provide a densely




