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ABSTRACT

One of the challenges in the field of medical image classi-
fication is the expensiveness of labeled data. Most of the
previous computer-aided diagnostic methods are based on a
paradigm of object detection. Such ways need tons of labeled
sample images with positioning annotations, which always
need practicing radiologists to process data manually. We
focus on Chest X-ray(CXR) images classification and pro-
pose an effective framework for lung disease diagnosis based
on a self-supervised feature extracting mechanism trained in
a constrained contrastive method. Our proposed framework
can train on a relatively small dataset in a semi-supervised
way and without any positioning annotation. We experiment
with the proposed framework on several lung disease diag-
nosis tasks, including pneumonia and tuberculosis diagnosis,
and obtain state-of-the-art results even outperform previous
supervised transfer-learning methods.

Index Terms— Computer-aided diagnosis, limited data,
chest X-ray, semi-supervised learning, contrastive learning

1. INTRODUCTION

The lack of high-quality medical resources is one of the most
prominent problems in the medical field, especially in the de-
veloping world. Chest X-ray(CXR) imaging is one of the
most common and easy-to-use diagnostics. The detection of
specific diseases with CXR images can be abstracted to an
image classification task, which has aroused the interest of
many researchers [1-4].

In most cases, the lesion can only appear in a relatively
small area and a large amount of information is noisy. To ex-
tract highly abstract features, we can make use of a deep con-
volutional network [5]. Here comes a barrier that the training
tends to overfit when we don’t have enough samples.

The label is necessary for modern deep-learning-based
methods. Due to the reason that it needs to collect a bunch
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Fig. 1. The feature extraction CNN built to produce semantic
representations is pre-trained on unlabeled task-agnostic im-
ages at the first stage. And then, the fully connected head is
trained with task-specific labeled images.

of structured labeled data, it is expensive to train a computer-
aided diagnostic system that follows the supervised object-
detection paradigm. Recently, many efforts have been de-
voted to training a classification model in a semi-supervised
way. Inspired by modern language representation models
such as BERT [6], a variety of semi-supervised learning al-
gorithms have been proposed [7-10], assuming that the train-
ing dataset comprises a relatively small number of labeled
data and a large number of unlabeled data. Most of these
methods establish the entire framework based on a two-stage
paradigm(see Fig. 1). A feature extraction CNN is trained
through a bunch of unlabeled task-agnostic samples followed
by training a task-specific classification head. These meth-
ods can obtain good performance on the public benchmark
dataset, such as ImageNet. But the premise is that the task-
specific data or labeled data is similar in statistical distribution
with most of the unlabeled data.

Here we consider this two-stage paradigm mentioned
above as a solution of overfitting, noting that we can train our
model with a small labeled dataset. We just need our feature
extraction model to learn from task-agnostic CXR images in-
stead of ImageNet. We find that a relatively small unlabeled
CXR dataset which doesn’t as large as ImageNet can work
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well, due to the reason that CXR image samples have their
distinct characteristics that there is a high degree of similar-
ities among the input images. Our feature extraction model
is trained in a contrastive self-supervised way, which learns
knowledge by comparing two images and finds the critical in-
formation. We choose as our starting point the task-agnostic
part of the SimCLRv2 [10] model which is already trained on
ImageNet. It establishes a task-agnostic CNN for semantic
representation, see Section 3.2 for more detail.

During task-agnostic training, various transformations
(data augmentations) will be applied to images for self-
supervised learning, such as cropping, flipping, gaussian blur.
To learn proper representations, the way of image cropping
is one of the crucial factors. We introduce a schema called
center-specific cropping constraint(C3), which lets the model
learn semantic representations easier, and a center-specific ro-
tation transformation. Our empirical results show it brings
better performance for downstream classification tasks.

The main contributions of our work can be summarized
as follow:

e We demonstrate that the contrastive self-supervised
model can be trained on a small dataset when it comes
to medical images among which there is a high degree
of invariance.

e Our empirical data indicates that our proposed C3 sche-
ma and the corresponding center-specific rotation to-
gether can prompt our feature extractor to learn more
useful semantic representations for downstream classi-
fication tasks.

e We apply our proposed framework on two CXR im-
ages classification tasks, comprising pneumonia and tu-
berculosis diagnosis, with limited datasets and achieve
state-of-the-art results. The regions of lesions can also
be visualized for analysis.

The rest of the paper is organized as follows. Section 2
presents some related work. Section 3 depicts the detail of
our framework. Section 4 describes the setting of our experi-
ments and the results. Section 5 concludes.

2. RELATED WORK

Deep-learning-based CXR Analysis. Many researchers
have been dedicated to automated diagnosis with medical im-
ages. Rajpurkar et al. [1] proposed CheXNet for pneumo-
nia detection, which is a 121-layer convolutional neural net-
work. Wang et al. [11] trained a Deep CNN for weakly-
supervised multi-label image classification. Liu et al. [2] used
the information captured by contrasting positive and negative
images to localize the pathologies and made predictions on
those regions. Kermany et al. [12] followed a framework of
transfer-learning to classify CXR images for pneumonia diag-
nosis. Filho et al. [3] trained various CNN architectures and
attempted to diagnose tuberculosis by CXR classification.

Unsupervised Pre-training. The unsupervised pre-training
paradigm has been prospering in the field of natural lan-
guage processing [6]. Unsupervised pre-training is critical
for various downstream supervised tasks for the reason that
predictable representations may benefit classification tasks in
terms of data efficiency [13]. Self-supervised learning meth-
ods have been widely used for representation pre-training
[7-10]. Among them, the auto-regressive model is a common
way of self-supervised learning, which predicts a masked part
of pixels given other visible parts. Recent auto-regressive
methods [7, 8] have been proposed and achieve state-of-the-
art performance in downstream supervised tasks. Another ap-
proach of self-supervised representation learning is training
in a contrastive way [9, 10], i.e. applying various augmenta-
tions on images and forcing the model to predict whether two
augmented images come from the same original image.

3. METHODS

3.1. Motivation

There are mainly two statistical properties of modern CXR
images: 1. The high similarity among CXR images; 2. The
low signal to noise ratio of significant information for diag-
nosis. Inspired by the recent prosperity of contrastive self-
supervised learning [7,9, 10, 13], we can exploit the two prop-
erties and learn representations without most of the insignifi-
cant information similar among images. The previous frame-
works [9, 10] always randomly crop two patches out of the
original image and resize them to the original size for con-
trastive training. However, the random cropping may result in
two different areas cropped out from the same image which
indicate completely different information and not have much
value to be contrasted. For avoiding this problem, we propose
the C3 schema so that the two cropped patches are guaranteed
to overlap each other. What’s more, considering that the ro-
tation around the center of the image may affect the cropped
area, we adjust the rotation to match the cropping operation.

3.2. Overall Pre-training Framework

The overall framework we propose follows the canonical two-
stage paradigm illustrated in Fig. 1, in which the crucial part
is the pre-training stage, which can be zoomed in and illus-
trated in Fig. 2. In this pipeline, we introduce the C3 schema
and a corresponding rotation when we train the feature extrac-
tor. Multiple unlabeled images will be input into the pipeline
and each image will be transformed into two independent
branches.

If the batch size is n, we will eventually get 2n patches af-
ter all transformations. All these 2n patches will be sent into
the network in pairs. This prediction process follows the way
of SImCLRvV2 [10]. The feature extraction CNN is a ResNet-
50 [14] network variant according to ResNet-D [15] and se-
lective kernels [16] are introduced. The CNN is followed with
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Fig. 2. Take the input batch size of 2 as an example. (a) For any input image, a particular operating point will be chosen
randomly; (b) The image will rotate around the operating point; (c) An area around the operating point will be cut out as a
patch; (d) Other augmentations will be applied sequentially; (e) The resulting patches will be sent into the network in pairs and
their respective projected vectors will be output; (f) Training loss will be calculated according to the predicted scores which

depict the relative similarities between projected vectors.

3 dense layers to project the semantic representation vectors
into a lower dimension. Let m; denote the ¢th patch sent into
the network and z; be the corresponding projected vector. Let
ZTop—1 and zop be the two vectors from the Ath input image.
The corresponding predicted score of pairs composed of z;
and x; is calculated by a softmax function and given by:

exp (z; - z;/7)

Zik;% exp (z; - xx/T)

Pij = , iFE] (1

where 7 is a scalar indicating the temperature of the softmax
function and the inner product can be treated as the similarity
between two vectors. The training loss can then be repre-
sented by:
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where 1y represents the indicator function. Note that dur-
ing supervised fine-tuning, the three dense layers in the pre-
training process are rejected and the weights of the feature
extraction CNN are fixed.

3.3. Center-specific Cropping Constraint(C3)

During pre-training, we need to constrain the random crop-
ping to guarantee the two cropped areas from the same image
overlap each other. Fig. 2(c) shows an example of this opera-
tion. We decide the cropped area by a bounding box denoted
by its upper-left corner P,; and bottom-right corner P,.. As-
suming that we have an operational center point O(z., y.)
and that the size of images is (W, H), we randomly choose
P,; from the upper-left side of O, ie. {(z,y)|0 < z <
Ze,0 < y < Yy}, and Py, from the bottom-right side of O,

ie. {(z,y)|lzc <z < W,y. < y < H}. In this way, if we
generate multiple cropped patches, it can be guaranteed that a
certain area around the center point is shared among them.

The choosing of O is random in the 2-D space of the
image, but the distribution is critical. If the point O is near
the edge of the image, the common information between two
cropped areas is most likely from the margin of the image,
which always doesn’t have much value in our tasks. There-
fore, the uniform distribution may not be a good choice, so
we use a diagonal gaussian distribution for sampling point O.

The coordinates of O can be obtained by sampling scale
factors with respect to the size of the images. The proba-
bility distribution of the factors s of point O is defined by
s ~ N (p, ) where

o2 0
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The value of y is fixed at [0.5,0.5]7. The scale factors s will
be clipped into the range [0, 1] and of course, the sampled
point O will be round into the integer grid.

In addition, unlike during pre-training, we use a different
constraint during supervised fine-tuning. The overall infor-
mation of an image should be observed when we train the
classification head during fine-tuning. So the bounding box
for cropping is determined by randomly choosing P,; from
{(z,9)|0 < z < 0.25W,0 < y < 0.25H} and P, from
{(z,4)]0.75W < & < W,0.75H < y < H} to let our fea-
ture extractor pay more attention to the overall information.
As a more specific control, a lower bound of the area of the
cropped patches, denoted by A, is introduced.

and



3.4. Center-specific Rotation

The angle changes may be introduced when taking X-ray
films, so rotation should be considered as one of the data aug-
mentations. The center of rotation is O(x., y.). The angle of
rotation ¢ is a randomly chosen value between [—6, 8] and the
direction is counterclockwise. Note that the bilinear interpo-
lation should be used to prevent sawtooth artifacts.

To dodge the issue that applying rotation may result in
black edges at four corners of the image, we should: 1. ap-
ply rotation before the corresponding cropping; 2. check the
cropped patch whether one of its corners is within a produced
black edge. If the randomly cropped result doesn’t meet the
requirement that no corner within a black edge exists, another
attempt will be made. Sometimes, even a tiny rotation will
inevitably introduce black edges (say, when the operational
center point is near the edge of an image), so the rotation will
be canceled in this case.

If the point of the corner to be checked is (z,y), we can
imaginarily rotate (z,y) around the center (z., y.) in the op-
posite direction to the previous rotation and obtain (z',y’),

which is given by
z'|  |cos¢ —sing| |z — . T,
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Then we examine whether 0 < 2’ < Wand 0 < 3’ < H.
The point will be accepted if the result is true and rejected
otherwise. If all of the four corners of the cropped area are
accepted, the cropped result will be accepted. Note that the
rotation is canceled during fine-tuning.

3.5. Lesion Localization

A heatmap can be generated by Grad-CAM [17], which is
trying to find the weights of a series of feature maps in a
specific convolutional layer. The gradients of the score for
a specific class ¢ with respect to the activations of the feature
map Ay, are calculated firstly. Next, the gradients of each fea-
ture map are global-average-pooled to obtain the correspond-
ing weight wy of this specific feature map. The weighted
sum of the feature maps followed by a ReLU function, i.e.
ReLU (Y, wiAy), will be treated as our final heatmap.

Our interested class c is the positive class and we choose
the output of the last convolutional layer in our feature extrac-
tor as our feature maps to generate the heatmap.

4. EXPERIMENTAL RESULTS

4.1. Datasets and Settings

For our pneumonia diagnostic task, we conducted the exper-
iments on the dataset ChestXRay2017 [18] includes 5,856
CXR images in total. 624 images are separated as the test
set and another 16 images as the validation set. For the tu-
berculosis task, we mixed two public datasets made by the

Table 1. Comparison Between Different Models

Task Model AUC | #Labels
. Kermany et al. [12] | 0.968 5232
Pneumonia
ours 0.980 1536
AlexNet [3] 0.814 892
. GoogleNet [3] 0.812 892
Tuberculosis
ResNet [3] 0.785 892
ours 0.923 448

U.S. National Library of Medicine [19] contain 662 and 138
labeled images respectively. 160 images are separated as the
test set and another 16 images as the validation set. In each of
the tasks, we shuffled the training set and randomly extracted
subsets from it with different sizes for the subsequent super-
vised fine-tuning.

All of the CXR images except for those in test sets and
validation sets had also been mixed without labels for unsu-
pervised pre-training. All the input images used in the exper-
iments are resized into the size of 224 x 224.

During pre-training, we chose ¢ = 0.2, § = 10° and
7 = 0.1 and trained the network with a batch size of 16.
Other augmentations include flip, color jitter, and gaussian
blur. Weights of the feature extraction CNN and three dense
layers were initialized with weights pre-trained on ImageNet.

The weights of the classification head are initialized ran-
domly. During fine-tuning, the lower bound of the cropped
area, i.e. Ay, is one of the hyper-parameters that vary with
different tasks. As for our pneumonia dataset, we chose A; =
0.50; And for the tuberculosis dataset, we chose A; = 0.65.
The training process was conducted with a batch size of 32.

The Adam optimizer was utilized for all of the training
processes and one NVIDIA 2080TI GPU is used.

For measuring the performance of our model and exclud-
ing the influence of different thresholds of binary classifica-
tion, we used three metrics: 1. AUC score [20], which is the
proportion of the area under the ROC curve; 2. Max F1 score,
which is the maximum achievable value of F1 score; 3. the
number of labeled samples used for training.

Some more detail about the model training can be found
in supplemental materials.

4.2. Comparison with State-of-the-art Methods

The pre-trained feature extraction CNN was embedded in the
task-specific classification pipeline and two different tasks
were conducted. The results shown in TABLE 1 compared
our models with the baseline methods comprising the pneu-
monia classification model trained by Kermany et al. [12] and
the tuberculosis models trained by Filho et al [3].

As shown in Table 1, our framework performs better on
both tasks compared to the previous methods which use com-



Table 2. Ablation Studies

Task Schema AUC | Max F1

Random 0.977 | 0.946

Pneu- | C3(Uniform)&Rotation | 0.976 | 0.946
monia C3(Gaussian) 0.975 0.944
C3(Gaussian)&Rotation | 0.980 | 0.950

Random 0918 | 0.845

Tuber- | C3(Uniform)&Rotation | 0.913 0.843
culosis C3(Gaussian) 0.922 0.834
C3(Gaussian)&Rotation | 0.923 0.855

pletely supervised learning or transfer learning based on CNN
initialized with weights trained on ImageNet. We show that
the model can achieve good results although only trained on a
relatively small dataset. About 30% of the labels in the pneu-
monia task and 50% of the labels in the tuberculosis task are
used compared to the previous works [3, 12].

4.3. Ablation Studies

We conducted experiments with several different ways of
cropping during pre-training: 1. completely random crop-
ping; 2. our proposed C3 and rotation with center cho-
sen through uniform distribution; 3. C3 with center chosen
through Gaussian distribution and without rotation; 4. our
final schema, using Gaussian distribution and rotation. The
sizes of the labeled training subsets of two tasks are 1536 and
448 respectively.

We can see that both Gaussian sampling and center-
specific rotation are necessary. The two changed feature ex-
tractors have suffered varying degrees of performance degra-
dation. The performance of our proposed cropping schema
performs significantly better than the random case in both
tasks, either from the aspect of the AUC score or theF1 score,
while the other two degraded schemas haven’t shown obvious
advantages comparing to the random situation.

4.4. Influence of the Number of Labeled Samples

In this section, 6 training subsets per task with different num-
bers of images were used for supervised fine-tuning. The re-
sults are shown in Fig. 3.

We can see the trend that the overall performance tends
to enhance when the number of labels increasing. The fig-
ures illustrate that the model can achieve an acceptable con-
sequence although there are only hundreds of labeled images.
In the case of pneumonia diagnosis, it is clear that the overall
performance tends to keep steady after the number of labels
is over 1536. As for the tuberculosis task, the AUC score is
increasing continuously due to the total number of labels is
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Fig. 3. The performance of the model when the number of
labels increasing.

relatively small and the Max F1 score also improves notably
when the number of labels reaches 640.

4.5. Visualization of Lesion Areas

The heatmaps generated by Grad-CAM [17] are shown in
Fig. 4. In both pneumonia and tuberculosis task, the model
indeed locates the lesions and recognizes the critical informa-
tion.

5. CONCLUSION

Our empirical data shows that in the case of CXR images,
contrastive self-supervised training is effective although the
number of training samples is relatively small. To enhance
the effect of the previous semi-supervised approach and adapt
it to CXR classification tasks, we propose our C3 schema
with center-specific rotation. The knowledge learned by the
feature extractor comes from the comparable information of
two different patches, which lets the model know what the se-
mantically synonymous texture is. The resulting framework
can achieve an acceptable performance by training on datasets
that may only comprise thousands of shared task-agnostic un-
labeled images and hundreds of task-specific labels. We can
also visualize the location of lesions by generating gradient-
based heatmaps, which can annotate the approximate region
of lesions so that some guidance information can be provided
to radiologists in real clinical practice. Our future work will
concentrate on transferring this framework to other diseases
other than pulmonary ones. Other modalities of medical im-
ages will also be considered, such as MRI and CT.
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