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ABSTRACT

Recently abnormality detection in musculoskeletal radio-
graphs has attracted many attentions. For abnormality detec-
tion, it is crucial to locate the most important area in the mus-
culoskeletal radiographs. To achieve this goal, we propose
a key area localization mechanism (KALM) for abnormality
detection for the first time in this paper. The proposed KALM
explicitly defines the process of selecting the most important
area from the whole image with using only image-level label.
Based on KALM, we further present a joint global and lo-
cal feature representation strategy for abnormality detection
which takes as input both the entire image and the selected
local area. The experimental results based on several classical
convolutional neural network (CNN) architectures of MURA,
the largest abnormality detection dataset of musculoskeletal
radiographs, demonstrate the effectiveness of our KALM.

Index Terms— Key area localization mechanism, abnor-
mality detection, musculoskeletal radiographs, CNN

1. INTRODUCTION

Recently, automated medical image analysis has achieved
great development in the past few years benefiting from the
breakthrough of deep learning techniques, including abnor-
mality detection [1], lesion classification [2], object detection
[3], organ segmentation [4] and the others. Musculoskele-
tal radiography is one of the most common medical imaging
examination, and therefore abnormality detection in muscu-
loskeletal has important potentiality in clinical application.
Automated abnormality detection can adjust worklist prior-
itization, which is helpful for combating radiologist fatigue
and improving work efficiency.

The methods used in abnormality detection can be roughly
divided into two types: traditional methods and deep learn-
ing methods. Traditional methods [5] rely on hand-crafted
features that are at the pixel level or the local-region level,
while deep learning methods especially convolutional neural
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network (CNN) [6, 7] is an end-to-end trainable framework
which can automatically learn the most important seman-
tic features with the guidance of attribute label. Because
abnormality detection in musculoskeletal radiographs is an
image understanding task at the semantic level, the trainable
end-to-end CNN is more suitable for it. For a CNN-based
detection model, the key step is to find the most meaningful
area from the whole image, which is the crucial reference for
the detection result.
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Fig. 1. The framework of joint global and local feature repre-
sentation with KALM.

To solve this problem, we specially design a key area
localization mechanism (KALM) for abnormality detection
in musculoskeletal radiographs in this paper, which connects
two deep feature extractors of different scales as shown in
Fig. 1. In the framework, the global features and the key local
features are extracted by ConvNetg and ConvNetl respec-
tively. From the perspective of feature extraction, global and
local features are complementary because the former provide
the comprehensive information while the later emphasize the
key information, which probably is the abstract of the abnor-
mality in the image. Then the global and local class scores are
fused as the final classification result. The proposed KALM
builds a bridge between the two types of feature extractors.
It can accurately locate the key area that contains the most



important local features. More specifically, the KALM calcu-
lates the center coordinate[x, y], the width and height [w, h]
of the most significant local area. Moveover, w and h are the
optimizable parameters based on technique of differentiable
image sampling.

The main contributions of this paper can be summarized
as the following three aspects:

1. We rethink the abnormality detection in musculoskele-
tal radiographs from the point of global and local fea-
ture extraction and fusion, instead of only the global
features.

2. In order to extract more significant local features from
the area most likely to be abnormal, the key area local-
ization mechanism (KALM) is specially designed for
abonormlity detection in musculoskeletal radiographs
in this paper.

3. The comparative experiments based on several classical
CNNs including Resnet18 [8], VGG16 [9] and Incep-
tionV4 [10] are conducted on MURA [1], which is the
largest dataset of musculoskeletal radiographs. And the
results demonstrate the effectiveness of our method.

2. RELATED WORK

2.1. Abnormality Detection in Medical Images

Many researchers have explored the solutions for abnor-
mality detection in medical images. Mark Cicero et al. [11]
train the GoogleNet to detect abnormalities in frontal chest ra-
diographs. For pulmonary tuberculosis at chest radiography,
Paras et.al [12] attempt some shadow convolutional networks
and DCNNs. And several classical CNN architectures are ap-
plied in mammography abnormality detection [13]. What’s
more, Rajpurkar et al. [1] release MURA, which is the largest
radiologist-level abnormality dataset in musucloskeletal ra-
diographs even all kinds of radiograhs, and use DenseNet-121
to detect and show the abnormalities. In these literature, deep
learning methods, especially CNN mothods, are widely used
for abnormality detection and achieve excellent results. How-
ever, these CNN-based methods are just directly applied in
the field of abnormality detection in medical images without
taking into consideration the joint global and local feature ex-
traction and fusion, which is beneficial for the improvement
of classification performance.

2.2. Weakly Supervised Object Localization

In the field of natural image processing, weakly super-
vised object localization technique is the core operation for
searching the most important area. Max et al. [14] propose
differentiable image sampling for the first time, which al-
lows gradient forward and backward propagation in the im-
age sub-sampling. Attention maps are critical for object de-

tection [15], and Diba et al. [16] utilize the attention maps to
produce high-response region proposals. Recurrent attention
convolutional neural network (RA-CNN), which can learn ef-
fective region attention and multi-scale region-based feature
representation, is proposed in [17] for fine-tuning classifica-
tion. Qian et al. [18] introduce metric learning into the do-
main of weakly supervised scene parsing. In musculoskele-
tal radiographs, the abnormalities mostly only occupy a small
area in the whole image. Therefore it is meaningful to local-
ize and crop the most important area for the more accurate
judgement.

3. METHOD

As shown in Fig. 1, the whole abnormality detection
framework can be roughly divided into four ordered steps:
Step I: Global-Area Based Abnormality Detection. It is
achieved by a convolutional neural network denoted as CNNg ,
which takes the entire radiograph image as input and gives a
preliminary detection result. Step II: Key Area Localization
Mechanism (KALM). KALM is used to locate the coordinate
center of the key area denoted as [x, y], and predict its width
and height denoted as [w, h], based on the multi-layer feature
map extracted in the last step. Step III: Differentiable Image
Sampling. In order to ensure that the gradient can be propa-
gated backward to [w, h], sampling in the global images needs
to be differentiable. Step IV: Local-Area Based Abnormality
Detection. It is realized by CNNl, which takes as input the
key area sampled from the whole image and provides another
detection result.

3.1. Global-Area Based Abnormality Detection

The abnormality detection in musculoskeletal radiographs
is essentially a binary classification task. In this paper, we use
convolutional blocks convg to extract the global features de-
noted as multi-layer feature map, Fg ∈ RC×H×W (C, H and
W correspond to channel numbers, height and width, respec-
tively), from the entire radiograph image Ig . It is formulated
as:

Fg = convg(Ig), (1)

and the global-area classifcation score, Sg ∈ R2 (abnor-
mality/normality), is calculated by:

Vg(c) =
1

HW

H∑
i=0

W∑
j=0

Fg(c, i, j), (2)

Sg = softmax(FCg(Vg))), (3)

here (2) is the global average pooling (GAP). Vg ∈ RC is
the high-dimension feature vector derived from Fg by GAP.
(3) is the classifier of fully connected (FC) layer followed by
a softmax operation. The cascade of (1), (2) and (3) is the
aforementioned CNNg .
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Fig. 2. The workflow of KALM.

3.2. KALM: Key Area Localization Mechanism

The workflow of key area localization mechanism (KALM)
is shown in Fig. 2. KALM takes as input the global multi-
layer feature map Fg extracted by convg in (1), and provides
the bounding box of the key area for the next step: [x, y, w,
h]. KALM can be splited into the following sub-steps.

(1) Spatial-Wise Aggregating. It is the prerequisite for
area localization to quantitatively evaluate the importance of
each patch in the Fg . Refering to [19], we sum the multi-layer
feature map Fg along the channel axis as:

Fagr =

C∑
i=0

Fg(i,H,W ), (4)

here Fagr ∈RH×W is the aggregated feature map, which rep-
resents the spatial-wise response degree of features. Fagr(i,
j), the value at location (i, j), increases with the importance of
the patch.

(2) Structured Vectorization. Motivated by GAP which
brings CNNs translation invariance in space, we pool the 2-D
Fagr into two 1-D vectors of Vw ∈ RW and Vh ∈ RH along
its spatial height and width respectively as:

Vw =
H∑
i=0

Fagr(i,W ),

Vh =
W∑
i=0

Fagr(H, i),

(5)

Then the elements of Vw and Vh are scaled to [0, 1] by min-
max scaling as: Vw(i) =

Vw(i)−min(Vw)
max(Vw)−min(Vw) ,

Vh(i) =
Vh(i)−min(Vh)

max(Vh)−min(Vh)
,

(6)

here min(V ) and max(V ) represent the minimum and max-
imum value in the structured feature vetor V . Vw and Vh can
be seen as the structured information of Fg along the axis of
spatial width and height.

(3) Max Location and Length Preediction. Next Vw is
used to locate the column center x and predict the width w,

while the Vh is used to locate the row center y and predict the
height h. They are formulated as:

x = index(max(Vw))
W × 2− 1,

y = index(max(Vh))
H × 2− 1,

w = sigmoid(FCw(Vw)),

h = sigmoid(FCh(Vh)),

(7)

here [x, y] are the center coordinate of the maximum response
element in [Vw, Vh], and they are scaled to [-1, 1] for the next
image sampling. [w, h] are predicted from [Vw, Vh] by FC
layer, followed by sigmoid activation function, and therefore
[w, h] are in the range of [0, 1]. It worth mentioning that the
location models of [x, y] are non-parametric while the length
prediction models of [w, h] are parametric. The FC layers
of [w, h] need to be optimized by gradient backpropagation
algorithm at the training stage.

3.3. Differentiable Image Sampling

When applying differentiable image sampling technology,
the key local area Il ∈ R3×Hi×Wi can be cropped from the
global image, Ig ∈ R3×Hi×Wi (Hi ×Wi are the input image
zise), allowing the gradient backpropogation.

It is the prerequisite to establish the cropping projection
from input coordinate to output coordinate, which is formu-
lated as: (

xg
i

ygi

)
=

[
w 0 x
0 h y

] xl
i

yli
1

 (8)

here [x, y, w, h] is the scaled bounding box of the most impor-
tant area in the global image Ig . [xl

i, y
l
i] is the pixel coordinate

of the cropped local area I
′

l ∈ R3×H
′
i×W

′
i , while [xg

i , y
g
i ] is

the pixel coordinate of global image Ig .
In order to make the input image size of local feature ex-

tractor consistent, it is necessary to sample I
′

l ∈ R3×H
′
i×W

′
i

to Il ∈ R3×Hi×Wi . In this paper we apply bilinear sam-
pling [14] to achieve it, which is denoted as:

Il = bilinear(I
′

l ) (9)



3.4. Local-Area Based Abnormality Detection

Local-area based abnormality detection is realized by an-
other convlutional network CNNl. CNNl has the same ar-
chitecture as CNNg but does not share the parameters with
it because the scales of their input image are different. The
local-area classification result Sl ∈ R2 is calculated as:

Sl = CNNl(Il) (10)

4. EXPERIMENTS

4.1. Experiments Setup

Dataset: MURA is the largest abnormality detection
dataset of multi-view musculoskeletal radiographs, contain-
ing 9,045 normal and 5,818 abnormal musculoskeletal radio-
graphic studies of humerus, elbow, forearm, wrist, shoulder,
hand and finger. There are 13,457 training studies (11,184
patients, 36,808 images) and 1,199 validation studies (783
patients, 3,197 images).

Evulation Metric: Classification accuracy, area under the
Receiver Operating Characteristic curve (AUROC) and Co-
hen’s Kappa Statistic are used in this paper. We train and save
the models acccroding to the image-level accuracy, and eval-
uate the study-level performance by all the above metrics.

Training Settings: We apply two-stage trainging strategy
to optimize the global-area and local-area based abnormality
detection models respectively: At the first stage, only the pa-
rameters of CNNg are optimized by cross-entropy loss. At the
second stage, the parameters of two length prediction layers
(FCw and FCh) and CNNl are optimized together by cross-
entropy loss. Adam is used to optimize the models for 30
epochs with the batch size of 64. The learning rate is set as
1e-5 in the first 20 epochs and 1e-6 in the last 10 epochs. The
input sizes of CNNg and CNNl are both 224 x 224, but it worth
mentioning that the input of CNNl is cropped from the image
of 448 × 448 and then is resized to 224 × 224.

4.2. Experimental results

Table 1. Comparative results of different CNNs on MURA.
Accuracy AUROC Kappa

Resnet18g 82.1% 0.875 0.633
Resnet18l 81.1% 0.870 0.609
Resnet18KALM 83.2% 0.888 0.653
InceptionV4g 80.0% 0.865 0.584
InceptionV4l 81.3% 0.873 0.616
InceptionV4KALM 81.4% 0.881 0.617
VGG16g 83.8% 0.892 0.668
VGG16l 82.7% 0.895 0.649
VGG16KALM 84.2% 0.901 0.678

To verify the effectiveness of our KALM in abnormality
detection, comparative experiments based on three types of

classical CNN architectures including Resnet18, InceptionV4
and VGG16 are conducted on MURA. We compare the fol-
lowing three kinds of results by the aforementioned metrics:
only global-area detection score (subscript g), only local-area
detection score (subscript l) and their average score based on
KALM (subscript KALM). The results are reported in Table
1. According to Table 1, it can be found that only the local-
area is used for abnormality detection performs no better than
the global-area. But when their results are averaged, the fused
scores become much better that each of them. The results can
strongly support the effectiveness of our KALM.

We also compare our KALM based multi-scale method
with other literature in Table 2. Our method outperforms the
MobileNet and Ensemble200 [20] in all the metrics, and is
superior to DNN [21] in accuracy. In [22], Dense-169 is big-
ger and deeper than our VGG16KALM , and there are 13,942
studies used for training, which are larger than 13,457 studies
in this paper. However, our VGG16KALM just slightly falls
behind Dense-169 in AUROC. There are some examples of
KALM shown in Fig. 3.

Fig. 3. Some samples of KALM based on VGG16.

Table 2. Comparison with other literature.
Accuracy AUROC Kappa

MobileNet [20] 77.3% 0.67 0.34
Ensemble200 [20] 79.7% 0.82 0.66
DNN [21] 82.7% – –
DenseNet-169 [22] – 0.91 –
VGG16KALM 84.2% 0.901 0.678

5. CONCLUSION

In this paper, we propose a key area localization mecha-
nism (KALM) for abnormality detection in musculoskeletal
radiographs. And the KALM based multi-scale abnormality
detection method is attempted for the first time. The compar-
ative experiments on several classical CNNs are conducted on
the largest dataset of MURA, and the excellent results demon-
strate the effectiveness of the proposed KALM.
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