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Abstract
Lung cancer is one of the most common and fatal types of cancer, and pulmonary nodule detection plays a crucial role in
the screening and diagnosis of this disease. A well-trained deep neural network model can help doctors to find nodules on
computed tomography(CT) images while requiring lots of labeled data. However, currently available annotating systems
are not suitable for annotating pulmonary nodules in CT images. We propose a web-based lung nodules annotating system
named as DeepLNAnno. DeepLNAnno has a unique three-tier working process and loads of features like semi-automatic
annotation, which not only make it much easier for doctors to annotate compared to some other annotating systems but also
increase the accuracy of the labels. We invited a medical group from West China Hospital to annotate the CT images using
our DeepLNAnno system, and collected a large number of labeled data. The results of our experiments demonstrated that a
usable nodule-detection system is developed, and good benchmark scores on our evaluation data are obtained.
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Introduction

Lung Cancer is now the most common incident cancer and
the leading cause of cancer death in China [2]. Lung can-
cer manifests itself as a pulmonary nodule in its early stage
[3], thus detecting nodules is crucial for reducing mor-
tality. Low-dose chest computed tomography (CT) images
are often used to check for nodules, but there are several lim-
itations. First, large hospitals typically perform thousands of
CT studies every day, and a patient may wait almost a week
for his or her medical report. Second, identifying the nod-
ules is subjective and requires well-honed expertise which
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may not be available in underdeveloped areas. By develop-
ing a computer-aided nodule detection system, we aim to
improve the ease and efficiency of nodule detection on CT
images, particularly benefitting underdeveloped areas.

The most essential part of developing a computer-aided
nodule detection system is to train a model which detects
suspicious nodules correctly and efficiently, which can be
concluded as a computer vision task. Computer vision tasks
today require large datasets as small datasets can be easy
to overfit for training and therefore only work for some
selected cases. Luckily, as the development of the Internet
and storage technologies, computer scientists can have
access to large datasets much easier than before. However,
there are still some challenges, as most of the artificial
intelligence or machine learning require annotated data with
detailed labels where some of the datasets may lack (e.g.
human faces [7, 12, 13]).

One of the most common approaches of developing a
nodule-detection system is to divide the task into two steps,
the candidate generation step and the false positive reduc-
tion step [9], while both steps require detailed labels like the
world coordinates of every nodule on a single CT study and
their corresponding qualitative values. Although there are
indeed some open datasets for CT images like LIDC-IDRI
[1] or the dataset provided by Kaggle for the 2017 Data
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Science Super Bowl, two major obstacles make it still dif-
ficult for us to directly use these datasets to develop a
well-performed computer-aided system. First, many factors
could affect the performance of our neural network model
like the differences in imaging equipment, the variations
between different human races, the annotation standards
etc. Besides, currently available datasets often lack detailed
labels which we need to develop our nodule-detection sys-
tem. Under these circumstances, a more well-fitted private
dataset is in need, and a re-annotation task must be done to
train a better model for detecting nodules.

Considering existing annotating tools, there are famous
ones like LabelMe [11], or more specific medical segmen-
tation tools like ITK-SNAP [15]. LabelMe is a web-based
online image annotation tool developed by MIT and is
widely used by researchers from all over the world to anno-
tate their own data. Although it has some extra features like
polygon-drawing and real-world 3D coordinate extraction,
it is not suitable for annotating CT images. First CT images
often come in DICOM (Digital Imaging and Communica-
tions in Medicine) format, which is not just an image or file
format but an all-encompassing data transfer, storage, and
display protocol built and designed to cover all functional
aspects of contemporary medicine [6]. In other words, CT
images come with an incompatible format with LabelMe.
Besides, LabelMe is developed for the purpose of annotat-
ing natural images, so annotators can only assign every RoI
with a single label using LabelMe while we need more than
one label for each nodule, so it is unfeasible to use LabelMe
or any other existing web-based annotating tools to annotate
CT images. ITK-SNAP is a famous open source application
intended to segment structures in 3D medical images, and it
gets the job done to read DICOM files and make rectangle
annotations on that. However, ITK-SNAP can not save the
coordinates of the annotation automatically, meaning that
the annotators have to write down the coordinates of the
nodule areas every time they draw a rectangle, which is very
time-consuming.

We build DeepLNAnno, a web-based system for
annotating raw CT images to aid in building a more
accurate and robust nodule detection system. It adopts
a novel three-tier annotating procedure which makes the
whole annotating process reasonable and efficient. It also
provides loads of features like semi-automatic annotation,
which make it much easier for annotators to perform
annotation on CT images to mark out the nodules. The
rest of the paper is organized as follows. A detailed
description of our DeepLNAnno system including our
unique working process and loads of features is presented
in Section “DeepLNAnno”. The real world usages of
our system including experiment results are presented
in Section “Real-world usages”. Some thoughts about
future work and system improvements are presented in

Section “Future work”. Finally, in Section “Conclusions”, a
conclusion of our DeepLNAnno system is presented.

DeepLNAnno

Several features distinguish DeepLNAnno from other
annotating platforms, rendering it more suitable for
annotating CT images.

– Ease of access. DeepLNAnno is a web-based system.
Any user with a legitimate account and access to an
Internet connection through a usable computer may
annotate CT images.

– Ease of use. Labeling a study of CT images simply
requires drawing rectangles using a mouse or trackpad
to assign corresponding location values and qualitative
values to nodules. The corresponding values are saved
in the database every time a rectangle is drawn or a
value placeholder is filled.

– Three-tier annotating process. DeepLNAnno adopts a
novel annotating process which can save the time of
medical professionals with superior expertise as well as
ensuring the accuracy.

– Semi-automatic annotation. Annotators can start their
annotations based on the results given by our model to
avoid missing nodules to some extent.

– Fast data export. Our built-in scripts help the system to
export the annotated data quickly. The annotated data is
saved in the format required for training models.

Three-tier working process

DeepLNAnno adopts a three-tier working process which not
only shortens the time for annotating but also ensures the
accuracy of the labels. First, Ph.D. candidates in medicine
are assigned with a certain number of CT studies which
they annotate from the start. Second, doctors with at least
five years of clinical experience conduct a first-round review
and potentially modify the annotated results to increase
accuracy. Third, advanced medical experts and professors
perform a final review to determine if the annotations are
entirely correct. They then submit the final labels which
are used to train the detection models. With our three-step
structure, data scientists can acquire labels of the CT images
while doctors and experts save time. Figure 1 shows the
overall flow of the DeepLNAnno process.

Data preprocessing and database design

DICOM is the most common data format for CT studies
but it is not easily used by a web application. CT images
in DICOM format contain extra information along with
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Fig. 1 The overall working
process of DeepLNAnno

the image content, including the patient name, sex, and
address etc. This private and sensitive information requires
additional safeguards. Therefore, we first develop a tool
for doctors to keep only non-sensitive information such
as the image data values and the series IDs of raw CT
images. Then, we build another tool to convert these
anonymous CT images to the proper format which can
be put into our DeepLNAnno system. We adopt a non-
relational database for storing annotation records to avoid
unnecessary redundancy.

User interface and functionality

The UI structure of DeepLNAnno can be divided into
two parts: the working interface and the administrating
interface. The working interface allows the annotators and
reviewers to perform their tasks, forming the most important
part of the DeepLNAnno system. Administrators use the
administrating interface to handle tasks such as creating or
editing users, viewing annotation progress and assigning
new tasks for users etc.

Figure 2 shows the task-selection page, where a
logged-in user can enter the annotating/reviewing page
by simply clicking on the CT study he or she wants to
annotate or review on the page. A detailed view of the
annotating/reviewing page is illustrated in Fig. 3. On the
left side, there is an image display window, a progress
bar and two navigation buttons. On the right side, there’s
a table showing all the extra information of the nodules

that should be filled by the annotators. One can drag the
slider on the progress bar, click on the navigation buttons
or use a keyboard to switch between slices. Annotators
use the mouse to draw a rectangle on the image as soon
as they found a nodule on the displayed slice, and adjust
the size or the position of that rectangle. Every time a
rectangle is drawn, a new row of data will appear on the
right-side table, which comes with a given area ID and
the slice number of the CT study. Annotators will have to
provide some extra information like the nodule ID given
by themselves, the relative position of the nodule and the
qualitative value of the nodule if there’s a record in their
pathological database. Every operation that annotators or
reviewers make will be saved in the database automatically.
When annotators or reviewers think all the nodules of one
CT study are correctly annotated, they can submit the case,
or if they feel like moving on to the next study without
submitting the current one, they can click the Temp-Save
button to temporarily save the annotation and visit back
later.

Figures 4 and 5 show the administrating interface of
DeepLNAnno. As illustrated in Fig. 4, on the view-total
page, an administrator can see all the studies in the database
and their current status, whether it is untouched, is been
working on or is already submitted. For every row in the
table, there’re labels to directly show which annotator or
reviewer has handled this study. When administrators enter
one CT study by clicking on the corresponding row in the
table, they can see all the nodules annotated or reviewed
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Fig. 2 The task-selection page of the working interface

by the annotators or reviewers just like an annotator or a
reviewer. The only difference is that administrators don’t get
the authority to make any modifications, which guarantees

the stability and correctness of the annotated labels. In
addition, administrators can see how many studies each
annotator or reviewer has annotated or reviewed and assign

Fig. 3 The annotating/reviewing page of the working interface
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Fig. 4 The view-total page of the administrating interface

new CT data to them if needed on the view-annotator/view-
reviewer page shown in Fig. 5.

There are also some extra features which make our
system much easier to use. DeepLNAnno provides two

extra image-viewing modes for annotators, making it easier
to find and annotate nodules, named as the Zoom Mode
and the Immersive Mode (Fig. 6). Users can switch
to Zoom Mode to annotate small nodules much more

Fig. 5 The view-annotator page of the administrating interface
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Fig. 6 Illustrations of the two extra image-viewing modes presenting the same slice as in Fig. 3
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easily as it magnifies the original image four times. They
can also switch to Immersive Mode where the displayed
image will fill the entire web page, which makes it large
enough for annotators or reviewers to find the nodules. A
preloading strategy is employed to improve the unfriendly
user experience caused by network latency. We have also
developed scripts to quickly export annotation data from the
database.

Semi-automatic annotation

One big feature of the DeepLNAnno system is the semi-
automatic annotation. Semi-automatic annotation has been
applied in the field of machine learning since the early years
of 21st Century [5, 14]. Russell et al. use semi-automatic
labeling in their LabelMe system by first train an algorithm
of a particular object class which has enough annotations,
then apply the algorithm on unannotated images to perform
detection or segmentation. The users then only have to
provide feedback about whether the system has made a right
detection or not, and then the detector will be trained again
with the enlarged dataset. Russell et al. [8] Our system is
inspired by the idea, and we put semi-automatic annotation
feature in our system to improve the annotating experience
as well as obtaining more accurate labels.

As depicted above, the working process of the system
can be summarized as three different stages: the annotating,
the first-round reviewing and the final reviewing. However
in reality, during the annotating process, annotators are
likely to miss a certain number of nodules, which is
sort of acceptable clinically while missing nodules can
influence a lot in final benchmarks and scores for a
nodule detection system. More specifically, because all of
our annotators are Ph.D. candidates, which can result in
even more nodules missing. Our semi-automatic annotation
feature can solve this problem to some extent. We first
gather some of the CT images and have these images
carefully annotated and reviewed by experts. Then we use
these images to train a neural network model which can
be pretty sensitive in detecting nodules on CT images.
After training the model, we use the model to detect
nodules on the unannotated images and save the results
in the database before the manual annotation work even
starts. Then when annotators try to annotate, they can
always have a nice reference produced by a deep neural
network, and avoid missing some nodules to some extent,
and with the enlargement of the dataset, a better model
for detecting nodules can be obtained. The experimental
results about how semi-automatic annotation manages to
outperform the traditional annotation are described in
Section “Future work”.

Real-world usages

Annotated data collection

Weworked with a medical group fromWest China Hospital,
Sichuan University, who used DeepLNAnno to perform
annotations on a pulmonary CT dataset they provided. They
now have provided us with two different sets of data, named
DeepLN-I and DeepLN-II respectively. The former one
contains 1298 CT studies scanned from 208 patients, and the
latter one has 204 studies and all of which are thin-layered
images with a slice spacing of one millimeter.

They finished annotating and reviewing all the CT studies
of DeepLN-I within one month using our three-tier working
process and provided us with 2854 annotated nodules. We
then used these annotated data to train our neural network
model and perform nodule detection on DeepLN-II to
make the semi-annotation process possible. They finished
annotating and reviewing DeepLN-II with nodule references
produced by our model trained on DeepLN-I.

Experients and results

Liao et al. propose a 3D deep neural network architecture
which can effectively detect lung nodules from CT scans
and the proposed method won the first place in the Data
Science Bowl 2017 Competition held by Kaggle [4]. We
trained our nodule detection model based on the open source
code published by the authors to see if the annotated data is
really useful and if the semi-annotation process can really
contribute to the benchmarks. Two metrics are adopted to
test how our models performed. The sensitivity criterion is
the result of detected true positives divided by the number
of real nodules. It is used to see if the model can find
as many real nodules as possible, which is important as
missing nodules can have a serious impact on the patient’s
treatment. Besides, we used the Free-Response Receiver
Operating characteristics(FROC) analysis as described in
[10]. The overall FROC score of our model is defined
as the average of the sensitivity at seven predefined false
positive(FP) rates: 1/8, 1/4, 1/2, 1, 2, 4 and 8 FPs per scan.

Table 1 The differences in benchmarks with and without the semi-
annotation

Metrics DeepLN-I DeepLN-II

Sensitivity 0.94 0.97

FP/Scan 19.39 15.33

FROC 0.65 0.71
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We used the FROC criterion to evaluate the accuracy of our
model for nodule detection.

As shown in Table 1, the model trained on DeepLN-I
obtains 94% in sensitivity and 65% in FROC benchmark.
With the help of semi-annotation, we managed to increase
the benchmarks to 97% and 71% accordingly with the same
method for training the model. So semi-annotation can not
only make it easier to annotators or reviewers to find the
nodules but also make the annotated data more accurate. We
are working on our own method to improve our detection
model, especially in the metric of FROC. Hopefully, in the
near future, a much more suitable nodule detector for our
data can be developed.

Moreover, our system makes it possible to give the
annotated nodules pathological properties according to
pathology reports. We have collected 1169 nodules with
pathological labels from the two datasets. The pathological
distribution of data is shown in Fig. 7. We used
these pathological labels to perform some classification
experiments and received astonishing results. We trained
a simple 3D convolutional neural network with the two
most numerous classes, the adenocarcinoma nodules and
the benign nodules and received an evaluation accuracy of
87.5% and F1 score of 89%. We are pretty sure that more
works can be done in the future to not only detect where the
nodules are but also predict their pathological properties as
the number of pathological labels increases.

Future work

A few new features can be added to our DeepLNAnno
system to make it even better for annotating nodules on

CT images, and other medical annotating systems may also
benefit from these ideas.

Adjustable brightness and contrast

In medical image analysis, setting the right parameters can
be very crucial for doctors can see these images more
clearly and thus perform a better judgment for curing
the diseases. For our particular case, when doctors try
to find the nodules on CT images, in clinical practice,
they often adjust the window width and window level to
make the nodules easier to find. But that’s based on the
commercial softwares they’ve purchased and can be tricky
to adopt to our web-based annotating system. Our system
currently uses the default window-level-width values of the
pulmonary window for our users and sometimes it may not
be capable of handling particular studies. So maybe in the
future, this feature can be added to DeepLNAnno for a better
annotating experience.

Polygon annotation

DeepLNAnno is originally designed for the task of
pulmonary nodule detection, so right now the only on-
image annotation function is to draw a rectangle which
can exactly wrap up a nodule. Maybe in the future, more
accurate nodule segmentation task is demanding to make
it possible for our computer-aided system to describe the
morphological characteristics of the nodules or to provide a
more accurate diameter of nodules which is very important
for clinical practice. So polygon annotation feature should
be added to our system for annotating the segmentation
masks of nodules.

Fig. 7 The number of nodules
of each pathological category.
The above bar chart shows the
number of the nodules of each
pathological category, the
abbreviations of the x-axis are:
adenocarcinoma, other benign
nodules, inflammatory
pseudotumor, other malignant
nodules, tuberculosis, squamous
cell carcinoma and benign
tumors
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Conclusions

The development of an automatic nodule detection system
on CT images can improve medical outcomes for lung
cancer patients. A vast number of annotated CT studies
are required to train more accurate and robust detection
models. We develop DeepLNAnno, a web-based system
aimed at increasing the efficiency and accuracy of
annotating CT images. We also introduce a novel three-
tier annotation process and a semi-automatic annotation
feature to boost up efficiency while increasing accuracy.
DeepLNAnno is scalable and can easily be transformed
to annotate other medical data in the DICOM format. We
are currently developing a tool on top of DeepLNAnno to
annotate 3D ultrasound images. Once the associated patent
applications are completed, we may open the source code
of DeepLNAnno for data scientists and developers who are
interested in constructing their own annotating systems.
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