
A Feedback Attention Network for Classification and Visualization of
Thyroid Nodules on Ultrasound Images

Jianrong Wang1,2,3, Ruixuan Zhang1,2,3, Xi Wei4, Xuewei Li1,2,3,�,
Mei Yu1,2,3, Jian Yu1,2,3, Jialin Zhu4, Jie Gao1,2,3, Hongqian Shen1,2,3, Zhiqiang Liu1,2,3, and Ruiguo Yu1,2,3

1 College of Intelligence and Computing, Tianjin University, Tianjin 300354, China
2 Tianjin Key Laboratory of Cognitive Computing and Application, Tianjin 300354, China

3 Tianjin Key Laboratory of Advanced Networking, Tianjin 300354, China
4 Tianjin Medical University Cancer Hospital, Tianjin 300060, China

{wjr,zrx 6566}@tju.edu.cn
weixi198204@126.com

{lixuewei,yumei,yujian}@tju.edu.cn
sally2010zhu@126.com

{gaojie,hongqianshen,tjubeisong,rgyu}@tju.edu.cn

Abstract. With the maturity of AI technology, computer-aided diagnosis technology is gradually developing,
even surpassing the performance of doctors. However, due to the lack of interpretability of deep learning, we
can’t understand what the model has learned, and even determine whether the diagnostic model is credible.
In this paper, Feedback Attention Network(FAN) is proposed, which visualizes the lesion area that plays a
decisive role in precise prediction while classifying benign and malignant thyroid ultrasound images. The degree
of fineness is adjustable, which is more refined than existing visualization methods. In addition, this paper uses
the attention to make the model more sensitive to the lesion area and inhibit the influence of the non-lesion area.
The experimental results show that the accuracy of benign and malignant classification reaches 90.76%±2.8%.
Compared with the state-of-the-art classification networks, FAN has higher accuracy and fewer parameters.
Above all, the visualization results show that FAN does learn the true nodule features, especially those at the
edge of nodules, which proves FAN a credible aided diagnosis model.
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1 Introduction

In recent years, deep learning and artificial intelligence(AI) have made breakthroughs in the field of visual recognition
tasks[28], and AI-assisted diagnosis also has a series of successful cases[23][14]. And researches mostly focused on
lung CT image [19], skin diseases [2], brain diseases [10] and so on. Among them, thyroid disease, due to its high
incidence, attracted the attention of researchers[18, 17, 12, 22]. Thyroid ultrasound images serve as an important
basis for diagnosing thyroid related diseases, especially of thyroid cancer. Doctors need to observe and analyze a
large number of images every day. But ultrasound images are abundant with the features of low resolution and
subtle targets; all of these results in pressure on doctors and affect the accuracy of diagnosis.

When it comes to medical image classification[3], AI-aided diagnosis has a quite satisfied accuracy, even higher
than that of professional doctors. However, due to the lack of interpretability of deep learning, the researchers
cannot explain the diagnostic basis of the AI models. Therefore, it is difficult to confirm whether the results of AI
system are credible, especially when the test data is not sufficient. Considering the above reasons, the achievements
of AI-aided treatment are difficult to be applied in clinic.

Visualization is an effective method to explain the AI-aided medical models. With the aid of visualization, the
regions in the image that have the greatest impact on the classification results of the model can be illustrated.
If these regions are consistent with the doctor’s knowledge, the model would have high validity and reliability.
At present, there are two major methods for visualizing the AI-aided medical model, occluding image region and
the reverse reasoning. Kermany et al. used random occlusion method when visualizing retinopathy images [9]. K.
Kumar Singh et al. hided patches in a training image randomly, forcing the network to seek other relevant parts
when the most discriminative part is hidden. Rajpurkar et al. used the method of reverse reasoning based on class
activation mapping (CAM) technique to build pneumonia diagnosis model[19]. Guanbin Li et al. proposed to use the
combination of a coarse salient object activation map from the classification network and saliency maps generated
from unsupervised methods as pixel-level annotation.
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Because the gray scale ultrasound images are easily affected by the electronic noise source of the internal compo-
nents of the system and the scattering and refraction signals produced by organs and tissues in the imaging process,
the ultrasound images have many drawbacks such as serious speckle noises, illusory shadows, low contrast and com-
plex shapes[7]. The features used in ultrasound image diagnosis mainly include texture features and morphological
features. Texture features could analyze the interior of nodules when morphological features investigate the shape
and boundaries of nodules.

In this paper, we found that the size of the Last layer of Feature Map (LFM) was inversely related to the
accuracy of classification and effect of visualization. More specifically, a larger size of LFM leads to a more refined
visualization but a declined accuracy, owing to the massive loss of information. With smaller LFM, the visualization
is rougher, but the accuracy is improved. Therefore, a Feedback Attention Network (FAN) is proposed as an aided
diagnostic model for thyroid nodules. While maintaining the accuracy of benign and malignant classification, we
can intuitively see the features in the images that play a key role in diagnosis models and control the degree of
refinement. This method can assist the diagnosis process of doctors and improve the reliability of deep learning
models. The main contributions of this method are as follows.

– A method called Large-scale Average Pooling (LAP) is proposed to replace Global Average Pooling (GAP)
when making CAMs, which achieves a refined visualization of the thyroid ultrasound images on the premise of
maintaining classification accuracy. Whats worth mentioning is that it could show the edges of nodules.

– The FAN focuses on the areas that play a decisive role in the classification of benign and malignant tasks by
attention, thus optimizes the network performance, and improves the accuracy of classification.

2 Related Work

In the field of thyroid aided diagnosis, Kong Dexing et al. [17, 18], for the first time, used convolutional neural
networks. In their work, the classification accuracy of this work reached 83.02%. Recently, S.Y. Ko et al. [12]
designed a deep convolutional neural network to diagnose thyroid malignancy using ultrasound, with an accuracy
rate of about 88.0%. J. Wang et al. [22] proposed a semi-supervised learning method based on weakly-labeled data to
automatically classify ultrasound thyroid nodules. Although the accuracy of their models have gradually surpassed
that of doctors, we cannot be sure whether the models are reliable due to the lack of explanation of the model.
In other words, we don’t know exactly what the model is learning and what factors in the image are driving the
model’s diagnosis.

Visualization is one of the main ways to study the interpretability of deep learning[5][1]. M. Lin et al. put forward
a term called Global Average Pooling (GAP) to replace the fully connected layer when discussing the structure of
Network In Network [16]. The core idea of GAP is to correspond each channel of the feature map to a category to be
classified at the end of CNN. Through visual analysis, it is easy to find that the last layer of feature map enhances
the image area associated with the category. Bolei Zhou et al proposed the class activation mapping (CAM) [29],
which significantly optimized the expression of the GAP. The CAM does not require each feature map to correspond
to a category but a full connection layer is added after the GAP to map the average value to each category. This
mechanism reduces the information that must be retained in each channel, so the ability to model classification is
improved.

CAM can show the target detected by the network through the saliency map, so it can be used to analyze the
classification mechanism, as shown in the Equ (1)(2). In the formulas, M represents the feature image, R represents
the results of the GAP, and P represents the probability of beloing to each category.

M = {mi}, R = {ri}= {
1

h · w
∑

mi}, P= {pi} (1)

P = softmax(R ·W + b)

= softmax(
∑
x,y

(
1
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∑
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Let P ′ = R ·W + b, and substitute the expression of softmax , as shown in Equ(3).

pi = softmax(P ′, i) =
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(3)
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, where h and w represent the height and width of the feature maps outputted by the last convolutional layer
respectively.

Let f(x, y, i) = 1
h·w

∑
j(mjx,y

·Wj,i), then f(x, y, i) represents the contribution of the pixel (x, y) of the image
to the i − th category to a certain degree. Therefore, Pi is the distribution of the importance of each part of the
image to the i− th category. A saliency map is formed by a proper treatment of Pi.

But the studies based on CAM are insufficient mainly in two aspects, oversized location range and inaccurate
localization. Some researchers have proposed that applying CAM several times and erasing the known sensitive
regions before each training can push the CAM to pay attention to next correlated regions. For example, Singh et
al. [21] randomly blocked images in each round of training, forcing the network to focus on the correlated parts of
the object; Yunchao Wei et al. [24] found out the new correlated feature region by blocking the maximum weight
region in a way of confrontation. Dahun Kim et al. [11] suppressed the salient region in the first stage to train the
network in the second stage by the feedback of reasoning conditions. Besides, Yunchao Wei et al. [25] used empty
convolution to enlarge the receptive field to avoid the problem of multiple training caused by the above occlusion.
Zilong Huang et al. [6] put forward the method of improving pixel level substitution by means of expanding of
the seed region. All these methods have been successful in processing natural images, but the adaptability of these
methods in medical imaging, especially ultrasound imaging, is not as good as expected.

A Feedback Attention Network(FAN) was proposed in this paper. On the basis of maintaining the accuracy of
thyroid benign and malignant classification, the lesion areas that play a key role in the prediction of the model were
visualized, which proved that the model in this paper learned the real nodule features, making the aided diagnosis
results credible.

3 Proposed Approach

In this paper, an improved method based on GAP, named Large Average Pooling (LAP), is proposed to optimize
CAM’s visualization effect of deep learning assisted thyroid nodule medical treatment model, while classifying
benign and malignant nodules. The LAP could, on the one hand, help doctors to locate the lesion quickly, and on
the other hand make AI models more reliable by comparing with the doctor’s field knowledge. The structure of the
FAN is shown in Fig.1.

3.1 Precise visualization

The existing visualization work using the CAM is often not precise enough, mainly in two aspects, the oversized area
and inaccurate localization, thus failing to meet the actual needs of medical image processing. These two problems
are mostly caused by oversized up-sampling, which is explained as follows.

As the formula (2) shows, the visualization based on the CAM is in fact a weighted summation of the LFM,
so the size of the CAM is equal to that of the LFM. In a typical CNN classification network structure, an image
with the size of 224× 224 is input and down-sampled for 5 times to get the LFM with the size of 7× 7. Therefore,
in a visual effect diagram with the same size of the original image, one pixel of the CAM corresponds to an area
covering 32×32 pixels of the original image. Correspondingly, CAM can only divide the image into 7×7 blocks and
determine the importance of each block during visualizing, which is rough and fundamentally limits the accuracy
of visualization.

In this paper, it is agreed that the width and height of the image will be halved after each down-sampling,
and the number of the times of the down-sampling will be represented as n. So the parameter R = 2n indicates
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Fig. 1. The structure of the FAN.

the magnification factor of the CAM in the process of visualization. This parameter has a great influence on the
classification and visualization effect: When R is large, the image is down-sampled and feature-extracted layer by
layer, which is helpful to improve the accuracy of classification but comes to an unsatisfied visualization effect; when
R is small, the advantage of the CAM can be brought into play. But a larger size of the corresponding LFM causes
a lot of information to be lost when executing the GAP. A number of experiments have proved the above view, and
particularly when the size of LFM is large, the classification accuracy of the model is greatly reduced.

In this paper, we proposed a solution of using the LAP instead of the GAP to coordinate the classification
and visualization effects, so as to solve the above problems. The weight matrix acting on LFM in CAM is called
weight transfer characteristic matrix (WTFM) after the average pooling, as shown in Fig.1. At the same time, we
use parameter η (η = inputsize/R) and κ to represent the size of LFM and WTFM, that is, LFM ∈ Rη×η×c and
WTFM ∈ Rκ×κ×c, where c represents the channels. Obviously, LAP will degenerate into GAP when κ = 1.

The matrix for visualizing CAM M calculated by means of the WTFM and LFM is shown in the formula (5),
in which L(i) = bi/κc.

Mi,j =
1

η2
LFMi,j ∗WTFML(i),L(j) (5)

Since it does not averaging the whole channel of the feature map, the LAP alleviates the problem of information
loss caused by excessive down-sampling of the GAP, which could set a larger LFM while maintaining a strong
classification capability for the model at the same time, thereby achieving a better visualization.

In fact, no matter the LAP or the GAP, both of them belong to the average pooling in essence. Compared
with the GAP, the improvement of the LAP is reasonably selecting the parameter κ to balance the effects of CNN
classification and visualization when using the CAM for visualization.

3.2 Feedback Attention

In recent years, research about attention in CNN had gradually deepened, which was first proposed by Itti in 1998[8].
It plays an important role in many computer vision tasks, such as Sophisticated Category [4], Image Caption [27],
Classification [20] and Segmentation [15]. We make full use of CAM visualization results then feedback to the
network, making the network pay more attention to the key lesion, and thus form a positive incentive.

Through the description in Section 3.1, WTFM combined with LFM can obtain the most discriminative areas
of the current classification model. Furthermore, we use the sigmoid activation function to nonlinearly map Mi,j

to get the attention graph AMi,j ∈ Rη×η. The AM is then combined with feature map F by means of F � AM to
positively motivate the network at the next epoch, where � is pixel-wise multiply operation.
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4 Experiments and Results

4.1 Data set and experimental settings

In this paper, 7216 thyroid ultrasound images provided by Tianjin Medical University Cancer Institute and Hospital1

were used for training and testing, with each image containing exactly one nodule. According to the pathological
results of the diagnoses of these nodules, the images were tagged with credible benign or malignant labels, including
2712 benign cases and 5404 malignant cases. In the experiment, 80% of the data were selected randomly for training
and 20% for verifying classification accuracy and the effect of visualization.

(a) (b)

Fig. 2. Convolution neural network is used to remove the boundary effect. (a) is the original image, (b) is the image after
removing the boundary.

Thyroid ultrasound images are captured by different ultrasonic machines. Information such as equipment model,
date, patient ID are displayed on the boundaries of the images, which mislead the training process to learn an
incorrect classification mechanism. Therefore, the method discussed in our previous work [26] is used to remove
the boundaries. The effect is shown in the Fig.2. Noting that some previous works did not discuss the influence of
boundary, we believe that this issue should receive more attention in the future.

After clipping, the images are scaled to the size of 224 × 224, which are labeled with 0 (benignancy) or 1
(malignancy). The pixel value of the image is mapped to the range of [0,1] by dividing 255.

In this experiment, we set the batch size to 10 and each epoch with 577 iterations. The model uses the momentum
optimizer for back propagation. And the initial learning rate is set to 0.01, which is updated to 10% for every 100
epochs.

4.2 Visualization Results

The parameter η affects the degree of fineness of visualization. In this paper, η is set to 7, 14, 28, and 56 respectively,
according to the method described in formula (5). The visualization results are shown in Fig. 3, the warm tone
indicates that the corresponding area contributes a lot to the results of the classification.

Regions with strong warm or cold tone are called Effective Regions in this paper. As the result shown in Fig.
3, when the value of η is small, the color tends to be in uniform, and the effective region is not consistent with the
location of the nodule. However, 7 and 4 are the most commonly used values of η in previous works [13, 19] So most
of these works only showed a really rough visualization effect.

With the increase of the value of η, more and more details of images have been visualized. Also, the Effective
Regions shrinks into the inside of the nodules gradually, and focus on the details of the nodule. According to the
physicians of Tianjin Medical University Cancer Institute and Hospital , the precise localization is likely to appear
in the irregular area of the nodule boundary, which is an important feature of malignant nodules, as shown in Fig.
4. It can be seen that the FAN proposed in this paper can visualize the lesion area of the nodule very finely, which
can locate the important features such as the edge of the nodule and the calcification.

It is worth noting that the effect of boundary detection is obtained when η = 112, as shown in Fig. 4. The
detection results are consistent with medical diagnostic criteria. However, the model faces great information loss

1 http://www.tjmuch.com
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Fig. 3. Visualization result when set η with different values. The warm tone indicates the region which has a great impact
on the classification.

(a) η = 112, κ = 7 (b) η = 28, κ = 2

(c) η = 14

Fig. 4. The details detected by the LAP-based model, warm tones indicate areas that have a greater impact on the classifica-
tion. Among them (a) η = 112, κ = 7, you can visualize the nodule edges. (b) η = 28, κ = 2, which has excellent visualization
of tiny nodules. (c) Visualization of κ = 1, 2 when η = 14. The result with κ = 2 is more accurate.
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when using GAP for the feature map of 112× 112 in size is replaced by its average value. As a result, the accuracy
of classification is sharply reduced to 73.4%. The LAP proposed in this paper can retain high classification accuracy
while achieving a similar visualization effect. When η = 112 and κ = 7, the accuracy of classification is 89.4%.

It is worth noting that the effect of boundary detection shown in Fig. 4 is obtained when η = 112, and a visual
image with great medical significance can also be obtained. But while using the GAP, the average value is used
to replace a feature map with size of 112 × 112. Given this, the information is lost greatly, and the accuracy of
classification is sharply reduced to 73.4%. The LAP proposed in this paper can retain high classification accuracy
while achieving the similar visualization effect. When η = 112 and κ = 7, the accuracy of classification is 89.4%.
As shown in figure Fig. 4, the visualization by the LAP have grid lines when look carefully, but it can realize the
localization of nodule details similar to that by the GAP.

4.3 Classification Task

In order to confirm that the FAN proposed in this paper can solve the contradiction between classification and
visualization, this section compares experiments with FAN under different parameter settings. We set η from 7, 14,
28 to 56, and κ from 1, 2, 4 to 8, respectively. The metrics used are Accuracy, Precision, Specificity, Recall and
F1-Score, as shown in Equ(6). The Confusion Matrix is shown in Table 1. The experimental results are shown in
Table 2.

Table 1. The Confusion Matrix of binary classification.

Actual Label
Prediction

Positive Negative

Positive True positives(TP) False negatives(FN)
Negative False positives(FP) True negatives(FN)

Accuracy =
TP + TN

TP + TN + FP + FN

Precision =
TP

TP + FP

Specificity =
TN

TN + FP

Recall =
TP

TP + FN

F1− Score =
2× TP

TP+FN
× TP

TP+FP

TP
TP+FN

+ TP
TP+FP

(6)

The experimental results intuitively show the contradiction between accuracy and fineness. That is, when κ = 1,
which is GAP, a larger η means a finer visualization effect, but a worse classification effect. Conversely, in GAP, a
smaller η means a better classification effect, but the visualization is very rough. However, under the LAP proposed
in this paper, this contradiction can be well balanced by adjusting the average pooling scales of different degrees. As
η continues to increase, the loss information gradually increases exponentially, which makes the accuracy of models
with GAP decrease gradually. However, the FAN is not limited by this situation, and always maintains an accuracy
of about 88%, which indirectly indicates that the model we proposed is not affected by the Receptive Field because
it learns the true nodule features. When η = 56, the FAN with LAP accuracy is around 0.56% higher than that
with GAP. When η = 112, the gap increases to 16%. Compared with VGG, ResNet and DenseNet, the FAN has a
same or even higher accuracy. More importantly, the parameters in FAN is fewer, which was 0.5% of VGG, 3.6% of
ResNet-34, and 68.1% of DenseNet. In addition, in order to prove the impact of attention on FAN, the attention
module is removed (η = 56). The experimental results are shown in Table 3.

Obviously, the accuracy of the model has improved under the influence of the attention. Among them, when
κ = 1, the accuracy increased by 4.50%, and when κ = 2, the accuracy increased by 2.96%. This proves that the
attention proposed in this paper has a positive effect on the classification task of benign and malignant thyroid
nodules, which activates the lesion regions related to benign and malignant, and inhibits the influence of non-related
regions.
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Table 2. Parameters setting and performance of FAN.

Model η R κ Accuracy Precision Specificity Recall F1-score #Params

FAN

7 32 1 90.13% 91.99% 86.74% 91.79% 91.89%

0.77M

14 16
1 93.56% 95.60% 92.82% 94.01% 94.80%
2 88.37% 89.71% 82.50% 91.90% 90.79%

28 8
1 92.31% 91.93% 86.00% 96.12% 93.98%
2 87.95% 89.04% 81.22% 92.01% 90.50%

56 4
1 88.43% 94.43% 91.53% 86.57% 90.33%
2 88.99% 90.95% 84.90% 91.45% 91.20%

VGG-19 - - - 89.68% 92.22% 85.88% 91.76% 91.98% 139.58M

ResNet-18 - - - 84.49% 85.74% 75.14% 90.12% 87.88% 11.00M

ResNet-34 - - - 86.29% 89.10% 72.95% 88.90% 89.00% 21.11M

ResNet-50 - - - 84.42% 88.94% 82.32% 85.68% 87.28% 38.08M

DenseNet-40 - - - 89.62% 92.62% 88.03% 90.57% 91.58% 1.13M

Table 3. Parameters setting and performance of FAN.

κ Attention Accuracy Precision Specificity Recall F1-score

1
X 88.43% 94.43% 91.53% 86.57% 90.33%

84.62% 76.25% 71.53% 98.85% 86.09%

2
X 88.99% 90.95% 84.90% 91.45% 91.20%

87.19% 88.66% 80.66% 91.12% 89.87%

5 Conclusion

Due to the lack of interpretability of deep learning, how to make the model credible has become the goal of this
paper. Considering that the existing visualization technology may lose a lot of information during GAP, we proposes
a visual Feedback Attention Network(FAN) by improving CAM and GAP. This model solves the contradiction
between the size of average pooling and the fineness of visualization, and makes the fineness of the visualization
adjustable. At the same time, FAN uses the Attention Map to activate the lesion area of feature maps in the model,
making the model more sensitive to critical features, which could improve the performance of the model. The results
showed that the FAN has a 24.77% lower error rate than the model without attention. Compared to the state-of
the-art classification networks, the FAN has a lower error rate and fewer parameters, which means less training
costs. Therefore, our model FAN is feasible in the field of thyroid nodule aided diagnosis, which can really help the
diagnosis of doctors. In the following work, we plan to realize the weak supervised segmentation task of thyroid
nodules based on the visualization, and reduce the difficulty of data annotations.
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