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Abstract
Background: Chest radiography is the most frequently performed examinations in the department of
radiology. The image quality plays an essential role in further decision making of dignosis. The current
manual assessment is low-e�ciency with signi�cant inter-observer variability. The purpose of this study
is to develop and evaluate the performance of deep learning-based model for the automatic quality
assessment in chest radiographs. 

Methods: A set of 1138 posterior-anterior chest radiographs were included in this retrospective study,
which were randomly divided into training (n = 826), validation (n = 207), and testing sets (n = 105). The
image quality was evaluated on the aspect of gray-level and sharpness. Ten experienced experts
independently assessed all radiographs with a score of 1 to 10 based on their subjective perception for
the image quality. On the testing set, three of the ten experts classi�ed chest radiographs as acceptable or
non-acceptable based on the image quality further. A neural network model CaHDC-RGA was trained to
output the quality score of the gray-level and sharpness automaticlly. The intra-class correlation
coe�cient (ICC), Pearson correlation coe�cient (r), and mean absolute difference (MAD) were used for
quantitative scoring. The AUC value, sensitivity, and speci�city were used for binary classi�cation. Time
spent by model and experts were recorded, respectively.

Results: A statistically signi�cant correlation was observed between the model and experts on the aspect
of gray-level (ICC=0.92, r = 0.91, MAD=0.45) and sharpness (ICC=0.90, r = 0.89, MAD=0.44). For the
classi�cation of image quality as acceptable or non-acceptable, the model achieved an AUC of 0.972 for
gray-level, with a sensitivity of 93.90% and a speci�city of 95.69%. The AUC for sharpness was 0.970,
with a sensitivity of 87.95% and a speci�city of 100%. The average time spent by the model was
signi�cantly shorter than the human expert's (3.03 seconds VS. 10.96 seconds, P < 0.05).

Conclusions: The developed deep learning model could rapidly and automatically evaluate the gray-level
and sharpness of chest radiographs, the performance of the model was comparable with the subjective
perception of human experts. The model may be further applied to automated quality audits of full
samples.

Background
Chest radiographs is one of the most frequently performed examinations in the department of radiology.
In 2016, over 110 million chest radiographs were taken in the United States, accounting for 40% of all X-
rays in clinical practice[1]. Despite the relative simplicity of the photographic technique in chest
radiography, the poor quality of the images are frequently appeared in clinical practice. The chest
radiographs were account for the largest proportion of rejection, even up to 38% in some institutions[2].
Since the quality of medical image plays an essential role in further decision making, the mechanism for
image quality assessment (IQA) has been established to improve the interpretability of the chest
radiographs[3].
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Currently, IQA is usually �rst performed by a radiographer immediately after image acquisition[4]. The
technicians need to assess the acceptability of the image quality and decide whether the image needs to
be retaken. After the images are transferred to PACS, radiologists also need to evaluate whether the
image quality affects the diagnosis. This IQA method has no reference information and is highly
dependent on the experience and responsibility of the observers[5, 6]. The manual process of IQA
inevitably has signi�cant inter-observer variability[7, 8]. The manual assessment is also a relatively time-
consuming, low-e�ciency, and tedious task in clinical practice. In addition, a limited sample size included
in quality control (QC) programs usually does not re�ect the medical institution's overall level of image
quality.

Developing an automatic computer-based assessment tool for image quality would be essential for
improving the e�ciency in clinical practice. Traditional machine learning methods require manually
designed features, such as colorfulness, dark channel feature, and entropy, which are not completely
express the subjective perception of image quality by radiologists[9]. In recent years, the quality and
e�ciency of medical image analysis have been greatly improved with the application of deep learning
(DL). The deep learning-based algorithms have also been applied in IQA of fundus image[10], MRI artifact
detection[11], fetal ultrasound[12], and digital pathology image[13]. At present, automatic IQA based on
deep learning has been applied to chest radiography[14]. However, these studies are focused on the
position of chest radiographs, lacking in the research of the gray-level and sharpness, which are
important for clear visualization of pathologies.

The purpose of this study was to develop an automated no-reference IQA model based on deep learning
algorithms to evaluate the gray-level and sharpness of chest radiographs, and to evaluate the
performance of the model.

Methods

Image acquisition
A clinical database consisting of adult posterior-anterior chest radiographs was used in this study. All
images were acquired between July to September 2019 in three medical centers. According to the
European Commission guidelines for image quality (Table 1)[15], two radiology residents (Y.M., and Y.G.,
each with 3 years of experience in radiologic reading) performed an initial assessment of image quality
to obtain chest radiographs with various image quality. The collected images were arbitrarily classi�ed as
excellent, moderate, and poor. An image was rated as excellent if it met all quality criteria, moderate if
less than half of the criteria were not met, and poor if more than half of the criteria were not met. To avoid
any bias, image quality was assessed independently of the presence of lesions, so those patients with
pulmonary pathology were also included. All images were taken in digital radiograohy (DR) and saved in
DICOM format, images were obtained by four manufacturers (Canon, Siemens, GE, Philips), and patient
information was anonymized.
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Table 1
Image quality in Radiography: PA chest projection

Dimensions of
IQA

Image quality criteria

Gray-level Reproduction of the vascular pattern in the whole lung particularly the peripheral
vessels.

Visualization of the retrocardiac lung and the mediastinum.

Visualization of the spine through the heart shadow.

Sharpness Visually sharp reproduction of the trachea and proximal bronchi.

Visually sharp reproduction of the borders of the heart and aorta.

Visually sharp reproduction of the diaphragm and costophrenic angles.

There were 2349 chest radiographs reviewed with 823 excellent images, 1090 moderate images, and 436
poor images. Then, 1200 chest radiographs were randomly extracted with a ratio of excellent: moderate:
poor = 1:1:1 (400 cases). After reviewing images together for the second time, 62 cases with repeated
image acquisition were excluded. Finally, a total of 1138 chest radiographs were included. 105 out of
1138 chest radiographs were randomly selected as a testing set, the remaining 1033 images were
assigned into a training set (80%; n=826) and a validation set (20%; n=207). The training set was used to
optimize the model parameters, the validation set was used to tune the model hyperparameters, and the
testing set was used to evaluate the performance of the model. The �owchart for the image acquisition
and data split is illustrated in Fig. 1.

Subjective assessment of experts
All chest radiographs (n = 1138) were �rstly imported into a dedicated web-based platform for the IQA
(http://score.healthviewcn.com:9990/#/login). The observers are blinded to the clinical information
about the patient, they can operate the image by zooming and panning during the evaluation, and the
assessment time of each image will be recorded by the platform.

Ten experienced radiologists participated in the IQA (�ve diagnostic radiologists and �ve radiological
technologists, with an average of 15-25 years of experience). Without discussing the European
Commission guidelines for image quality, all experts independently assessed all radiographs with a score
of 1 to 10 based on their subjective perception of the image quality, where 10 represented the best quality
and 1 meant the worst quality. The mean opinion score (MOS) of ten experts was taken for each image.

Furthermore, on the testing set (n = 105), three of ten experts (with over 10 years of experience in QC of
chest radiographs) classi�ed the images as acceptable or non-acceptable based on whether the quality
of gray-level or sharpness affected the diagnosis. The reference standard of binary classi�cation was
based on the majority opinion between 3 observers.

Dataset preparation
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Python (version 3.6) and Simple-ITK (http://www.simpleitk.org) were used to conduct the process of
image preprocessing. The training set was cropped to contain only diagnostic regions of the chest,
including the apex of the lung, the rib-diaphragm angle, and the chest wall on both sides. All images were
�nally preprocessed with a resolution of 768 × 512 pixels.

Development of CNN model

CNN model architecture
A novel neural network model based on CaHDC[16] was designed by introducing ROI (region of interest)
guided attention, and we named it CaHDC-RGA. Fig. 2 showed the overall structure of networks. The DR
images and MOS of experts were as initial inputs to the networks. The ResNet[17] is used for extracting
features as input to the following Hierarchical Convolution Net (HCNet)[18] and Unet[19]. The Hierarchical
Convolution Net produces multi-level feature maps, and an attention map is obtained from the UNet
expectedly. Then, the attention map is applied on the four levels of feature maps from the HCNet, and the
results are as the input of the Side Pooling Nets (SiPNets). Finally, the results of the SiPNets are
concatenated and fed into the Regression Net (RegNet) as a regressor to obtain the �nal quality score.

The residual network consists of �ve convolutional layers as showed in Fig. 3. The size of convolution
kernel (with ReLU activation function) of each layer is 3*3 and the number is 32. The size of the output is
same as the input due to the step size of each convolution operation is 1. The role of ResNet is as a
feature extractor serving the subsequent UNet and HCNet.

As shown in Fig. 4, the Hierarchical Convolutional Network is composed of a series of convolutional
layers including 4 levels to extract hierarchical features O1-O4, which are the inputs of SiPNet1-SiPNet4,
respectively. The parameters of these convolution layers from left to right are Conv(3,3,64,2),
Conv(3,3,128,2), Conv(3,3,256,2) and Conv(3,3,512,2), respectively.

As shown in Fig. 5, its input is the output from the ResNet, and its output is expected to be an attention
map with the channel size of 1. The UNet, which only include convolution and upconv (also called
deconvolution) layers, is a fully convolutional neural network. It is the same as ResNet and HCNet. As a
result, the trainable parameters of these neural networks are independent of the size of the input image.
The attention map from the UNet would be paid to the hierarchical features O1-O4 from the HCNet. Due to
the different size of these features, the attention map should be resampling properly to meet the size of
the hierarchical features before applying attention mechanism.

As shown in Fig. 6, after the attention is applied, the data are fed into the SiPNets. A SiPNet consists of
serval convolutional layers and a max pooling layer. Its �rst layer with 1*1 kernel and 1*1 stride is to
reduce the channel of the input data to 64. After that, a series of repeated convolutional layers with 3*3
kernel and 2*2 stride are adopted for down sampling. The number R of the repeated layers is dependent
on the size of input such that the size of output is between 8*8 and 15*15. For example, if the size of
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input feature map is 512*512, R should be 6, and in this case the size of output is 8*8. Then, a feature
vector with size of 1*1*64 is outputted by a max pooling layer.

RegNet is the abbreviation for Regression Net. As shown in Fig. 7, the RegNet accepts four 64-dimension
feature vectors from SiPNet1-4 as input, and output Q1~ Q4,and Q. Each of FC1-4 is a fully connected
layer which accepts a 64-dimesion feature vector to output a score. FC5, a fully connected layer, accepts
a 256-dimension feature vector concatenated from the outputs of the SiPNets and generates a 128-
dimesion feature vector. Then, FC6 regresses it to a quality score Q .

Loss function
Automated quality assessment systems need to be more sensitive to low quality image quality. Therefore,
we should pay more attention to the low-score images, and the following loss function is adopted,

Lα(s) = (s −
−
s )

2
/

−
s

α

1

where α is a super parameter, s is the predicted quality score, and 
−
s  is the ground truth. It should be

noted that the loss function should be adjusted to suit the training dataset. To reduce over�tting, the error
between predicted score by each single level and MOS is adopted as auxiliary loss to train our proposed
model for hierarchical degradation measurement. Therefore, the overall loss function can be expressed
as

L =
4

∑
i=1

(biLα Qi + Lα(Q))

2

Training process of networks
In the training process, a mini-batch of random sampled image patches are fed into CaHDC and Adam
optimization algorithm is adopted for training. The parameters are set as β1 = 0.9, β2 = 0.999, 
ϵ = 10 −8, and the learning rate is set as

α =
α0 ∗ d0.01*tα > αm

αmα ≤ αm

3
where α0is the initial learning rate, d is the decay factor, αm is the minimum learning rate. In our typical

prosesses, α0 = 10 −3, αm = 3*10 −5, and d = 0.8. in the loss function Eq. 2, we set 
α = 1andbi = 0.1, for i = 1, …, 4.

( )
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Statistical analysis
On the testing set, the performance of the DL model was appraised through the following three tasks: (a)
quantitative scoring of image quality, (b) binary classi�cation of the image quality, and (c) time spent for
image quality assessment.

For the �rst task, the MOS of ten experts on the gray-level and sharpness was used as the reference
standard. The performance of the DL model was evaluated based on the pair t test, intra-class correlation
coe�cient (ICC), Pearson correlation coe�cient (r), the mean absolute difference (MAD), and 95% limit of
agreement (LoA) between the predictions and reference standard. ICC, which re�ects abstract agreement,
with values greater than or equal to 0.75 were considered adequate for reliability[20]. MAD is de�ned as 
1
n ∑n

k =1 Ak − Bk , where AK and BK are the prediction and reference standard for the kth image

respectively, and n is the number of images. The mean difference and 95% LoA were determined with the
Bland-Altman plot[21].

For the second task, the reference standard of binary classi�cation was based on the majority opinion
between 3 observers. Receiver operating characteristic curve (ROC) analysis was performed, and the
value of area under curve (AUC) was used as the performance measure[22]. Moreover, we calculated the
sensitivity and speci�city at the optimal threshold.

Data information was collected and saved as a spreadsheet by using Excel 2019 (Microsoft). All
statistical analyses were performed using MedCalc software (Version 15.2.2), and P < 0.05 was
considered to indicate a statistically signi�cant difference.

Results

Study participants
The study population characteristics for datasets were showed in Table 2. Among the 1138 chest
radiographs, the mean ages in the training, validation, and testing sets were 51.90 years ± 17.03 (range
18 to 87 years), 51.45 years ± 18.29 (range 18 to 91 years), and 50.93 years ± 17.76 (range 19 to 89
years), respectively. Between three data sets, ANOVA analysis showed no statistical differences in age
composition (F=0.17, P =0.84 ), and chi-square tests showed no statistical differences in gender
composition (χ2 = 0.57, P = 0.75).

| |
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Table 2
Demographic data of the datasets

  Training set Validation set Testing set Groups

No. of images 826 207 105  

age 51.90 ± 17.03 51.45 ± 18.29 50.93 ± 17.76 P = 0.84a

Sex        

Male 441 (53.3%) 109 (52.7%) 52 (49.5%) P = 0.75b

Female 385 (46.7%) 98 (47.3%) 53 (49.5%)

Note: Except where indicated, data are means±standard deviations, with percentages in parentheses.
a ANOVA analysis, F=0.18; b pearson Chi-Square, c2 = 0.57.

Subjective assessment of experts
Before testing, the images of the training and validation sets (n=1033) were evaluated by ten radiologists.
Fig. 8a showed the MOS of ten experts on the gray-level and sharpness of the chest radiographs,
respectively. The mean score for image gray-level was 7.75 with a standard deviation of 1.24, while the
mean score for sharpness was 8.01 with a standard deviation of 1.21. Fig. 8b showed some
representative examples of chest radiographs with corresponding image quality scores.

Performance of quantitative scoring by model
On the testing set, the MOS of ten experts were used as reference standard. The paired-samples t test
showed no statistical difference between DL model and reference standard in terms of gray-level (t=-1.11,
P = 0.26) and sharpness (t=3.12, P = 0.66) (Table 3). Compared with the reference standard, the DL model
assessed accurately of the gray-level (ICC=0.92, r=0.91, MAD=0.45) and sharpness (ICC=0.90, r=0.89,
MAD=0.44). Fig. 9(a/b) showed the correlation of quantitative scores between the model and reference
standard. The 95% LoAs and the mean differences determined from the Bland-Altman plots were shown
in Fig. 9(c/d).

Table 3
Quantitative analysis of the variability between model and expert scores

  Radiologists DL model t-test ICC r MAD

Gray-level 7.84 ± 1.27 7.90 ± 0.87 P = 0.26a 0.92 0.91 0.45

Sharpness 8.08 ± 1.88 7.93 ± 0.92 P = 0.66b 0.90 0.89 0.44

Note: Paired-samples t test, at = -1.11, bt = 3.12, p <0.05 indicates the statistical correlation between
Prediction and reference standard of quality scores. ICC (Intra-class Correlation Coe�cient), MAD (Mean
Absolute Difference).



Page 9/21

Performance of binary classi�cation by model
In order to classify the image quality as acceptable or non-acceptable, the majority opinion of the three
experts were used as the reference standard. The ROC analysis showed that the model performed
similarly with experts in both gray-level and sharpness, with AUCs of 0.973 and 0.970, respectively. When
the cutoff score of gray-level was 7.0, the model achieved a sensitivity of 93.90% and a speci�city of
95.69%. When the cutoff score of sharpness was 7.2, the model achieved a sensitivity of 87.95% and a
speci�city of 100%. The performance of binary classi�cation for the model was shown in Fig. 10.

Time of image quality assessment
The time spent of image quality assessment by human experts and DL model were showed in Table 4.
Among the 1138 chest radiographs, the mean time of experts on the training, validation, and testing sets
were 11.32 seconds, 11.08 seconds, and 10.96 seconds, respectively. The time of DL model on the
training, validation, and testing sets were 2.99 seconds, 3.01 seconds, and 3.03 seconds, respectively. The
paired-samples t test showed statistically signi�cant differences in time between the models and human
experts (P < 0.05).

Table 4
Time spent by human observers and DL model in IQA

Data sets Radiologists Radiographers Mean DL Model t-test

Training 12.0(7.5) 11.5(8.0) 11.32 2.99 P < 0.05

Validation 11.5(8.0) 11.0(7.5) 11.08 3.01 P < 0.05

Testing 11.0(6.0) 11.0(9.0) 10.96 3.03 P < 0.05

Note: Time was measured in seconds, except where indicated, data were expressed as medians, with
interquartile

Discussion
In this study, a novel neural network model, CaHDC-RGA, was designed based on deep learning
algorithms by introducing ROI-guided attention. The developed DL model was used to assess the image
quality of the gray-level and sharpness for chest radiographs automatically. The results showed that the
performance of the model is comparable with the subjective perception of radiologist experts and the
assessment time of the model is signi�cantly shorter than that of radiologists.

Image quality assessment (IQA) has been an important topic for many years in radiology, which can
identify and address the causes of poor image quality[23, 24]. In 1996, the European Union published
radiology image quality criteria to unify the practices in Europe. However, many studies have found that
image criteria are not objective and intero-bserver variation remains a signi�cant problem in IQA, and the
Cohen's weighted kappa values between observers ranged from 0.32 to 0.46[25–27]. In routine clinical
practice of IQA, the observer often relies only on individual experience and subjective perception of the



Page 10/21

image, with no standard image reference information, such as quality criteria. This approach is more
operational and e�cient for clinical practice[28]. In this study, in order to reduce the potential impact
caused by interobserver variation, 10 experienced experts participated in the evaluation, including 5
radiologists and 5 radiographers. The mean opinion score (MOS) was uesd as the �nal label for image
quality. In addition, unlike most previous studies that used a 5-point scale of preference (qualitative
assessment), we used a scoring system ranging from 1 to 10 point because it allows for a quantitative
assessment for image quality[29–31]. The results showed that the expert's subjective perception of
image quality could be learned and quanti�ed by deep learning algorithms, which can accurately output
quantitative scores for images.

Previous studies have attempted to assess image quality with physical metrics such as DQE or the
MTF[32]. Although the metrics were objective enough, they only measured the system performance rather
than the radiologists’ perception of clinical image quality. Recently, some CNN-based IQA has been
proposed in the natural images, but they did not take full advantage of the perceptual properties of the
human visual system[33–38]. In 2020, Wu et al.[16] proposed an end-to-end cascaded framework, called
CaHDC, which can jointly optimize the feature extraction procedures, hierarchical degradation
concatenation, and quality prediction. In this study, we designed the CaHDC-GRA by introducing ROI
(region of interest) guided attention to focus on low-quality images. Our networks can evaluate
hierarchical quality degradation because the number of network parameters was signi�cantly decreased,
the optimization of the network was also sped up while alleviating over�tting. The features were
integrated with convolutional operations by downsampling them to the same scale, the number of
features in this network is reduced, and the spatial information is preserved.

The chest radiographs may need to be retaken for the poor image quality, so it is necessary to determine
whether the image quality is acceptable after image acquisition[2]. However, such a decision may be
di�cult for radiologists and radiographers with little experience. The automated assessment tool would
serve as an advisor to improve the e�ciency of the clinical work. Several CNN-based models have been
proposed to evaluate the position of chest radiographs. Berg et al.[39] used the CNN to detect lung
borders, spines, medial clavicular margins, ribs, and diaphragms with a typical 2.5-2.8 mm error.
Nousiainen et al.[14] trained ResNet50 and DenseNet121 networks for assessing lung inclusion, rotation,
and inspiration. To our knowledge, there is no automated tool for evaluating the degree of visualization in
chest radiographs. In this study, a deep learning model has been trained to assess the gray-level and
sharpness of chest radiographs. The results showed that the DL model could accurately simulate the
subjective perception of radiologists. When the model was set to the optimal cutoff, it showed high
sensitivity and speci�city for classifying image quality as acceptable or non-acceptable. In future work,
we will aim to identify the speci�c causes of non-acceptable to perform quality analysis better.

The increasing clinical demands on radiographers and radiologists make it imperative to operate as
e�ciently as possible to provide the highest quality of patient care[1]. A robust automated image quality
assessment algorithm would be helpful within the clinic. For example, computer-based algorithms can
analyze image data and provide technicians instant quality assurance (QA) feedback[40]. Automatic QA
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in teleradiology would ensure assistance in reaching a diagnosis and deciding the best clinical
management of the patient[41]. Big data analysis of image quality can be automatically constructed into
a QA database, which can be used for trend analysis, education and training, and radiation dose
reduction[4]. Our study demonstrated that deep learning algorithms could be used to assess the image
quality of chest radiographs rapidly and automatically. The algorithms may be used for fully-sample
audit in QC programs and be applied to other examination parts or modalities in the future.

Our study had several limitations. First, although the datasets used were selected from three medical
institutions and the sample size was larger than previous studies, it is still not considerable for the deep
learning algorithm. Except for training DL models with real clinical images, in further studies, we can
arti�cially add noise or use phantoms to improve the performance of the models. Second, since posterior-
anterior chest radiographs in adults are the most common clinical examination, our study did not include
lateral, bedside, and pediatric chest radiographs. Future studies of images in more scenarios are
necessary. Finally, similar to traditional image assessment methods, our system does not provide
information beyond chest radiograph quality parameters, such as the presence or absence of disease in
the images. In a follow-up study, we will further incorporate more image quality chest radiographs to
improve the robustness and generalizability of the model. We will also apply the developed DL model to
clinical examinations, analyze the effectiveness of the developed DL model for timely quality feedback to
radiographers, and test the performance of the model in a large-scale image quality audit.

Conclusions
In conclusion, the developed deep learning model could rapidly and automatically evaluate the gray-level
and sharpness of chest radiographs, the performance of the model was comparable with the subjective
perception of human experts. The model may be further applied to automated quality audits of full
samples in clinical practice.
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Figure 1

The �owchart of the image acquisition and data split.

Figure 2

Deep Learning Network Architecture for IQA of Chest Radiographs. DR (Digital radiographic), MOS (Mean
Opinion Scores), ResNet (Residual Network), HCNet (Hierarchical Convolutional Net), SipNet (Side Pooling
Nets), RegNet (Regression Net)

Figure 3

The stucture of ResNet
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Figure 4

The stucture of HCNet

Figure 5

The stucture of Unet
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Figure 6

The stucture of SiPNet

Figure 7

The structure of RegNet
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Figure 8

The subjective assessment of chest radiographs by experts. a the distribution of the gray-level and
sharpness scores, respectively. b the examples of the images with scores, the left and right sides of the
slash indicated the score of gray-level and sharpness, respectively. * denoted that the experts considered
image quality non-acceptable as it affects diagnosis.
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Figure 9

Correlation of quantitative scores between DL model and reference standard. (a/b) Line regression of
quantitative scores between model prediction and experts assessment. (c/d) Bland-Altman plots for
differences in quantitative scores between the model and the reference standard. 

Figure 10
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Receiver operating characteristic curves of gray-level (a) and sharpness (b). The area under the receiver
operating characteristic curve was 0.966 (a) and 0.969 (b). Sens (Sensitive), Spec (Speci�c).


