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Abstract: Fecal trait examinations are critical in the clinical diagnosis of digestive diseases, and they
can effectively reveal various aspects regarding the health of the digestive system. An automatic feces
detection and trait recognition system based on a visual sensor could greatly alleviate the burden
on medical inspectors and overcome many sanitation problems, such as infections. Unfortunately,
the lack of digital medical images acquired with camera sensors due to patient privacy has obstructed
the development of fecal examinations. In general, the computing power of an automatic fecal
diagnosis machine or a mobile computer-aided diagnosis device is not always enough to run a
deep network. Thus, a light-weight practical framework is proposed, which consists of three
stages: illumination normalization, feces detection, and trait recognition. Illumination normalization
effectively suppresses the illumination variances that degrade the recognition accuracy. Neither the
shape nor the location is fixed, so shape-based and location-based object detection methods do not work
well in this task. Meanwhile, this leads to a difficulty in labeling the images for training convolutional
neural networks (CNN) in detection. Our segmentation scheme is free from training and labeling.
The feces object is accurately detected with a well-designed threshold-based segmentation scheme
on the selected color component to reduce the background disturbance. Finally, the preprocessed
images are categorized into five classes with a light-weight shallow CNN, which is suitable for
feces trait examinations in real hospital environments. The experiment results from our collected
dataset demonstrate that our framework yields a satisfactory accuracy of 98.4%, while requiring low
computational complexity and storage.

Keywords: light-weight framework; feces trait recognition; object detection; visual sensor;
illumination normalization method; convolutional neural network

1. Introduction

Digestive diseases are a serious threat to human health. A quick, automatic, accurate, and robust
fecal examination approach could greatly reduce the burden on medical inspectors. Unfortunately,
this type of approach has remained elusive due to the scarcity of datasets and the low accuracy,
and accordingly time-consuming manual examination methods are still widely used in most hospitals.
In manual examinations, medical inspectors need to be close to the feces samples, which leads to
a tremendous risk of cross infection. Moreover, fecal examinations are a terrible work due to the
overpowering stench. Since January 2020, a lot of people have been infected by a novel coronavirus
(COVID-19), and lots of medical staff have been infected owing to continuous contact with sources of
infection, which not only include saliva, but also feces. Fecal examinations are highly important in
the clinical diagnosis of digestive diseases. If feces samples can be acquired with vision sensors, and
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the feces in the acquired images can be quickly, automatically, accurately, and robustly detected and
recognized, medical staff will be able to save much diagnosing time and patients will be able to receive
their diagnostic reports quickly. Fecal examinations are widely applied to evaluate the probability
of getting or relapsing into digestive diseases [1], so various related methods have been proposed in
recent years.

Fecal examinations can be briefly divided into macroscopic examinations and the microscopic
examinations. The camera sensor-based macroscopic examination is a fast and convenient assessment
method for prescreening various terrible digestive diseases. A trait examination is an important
item in fecal macroscopic examinations, so we proposed a light-weight practical framework for trait
recognition, which works well in a real hospital environment. The model should be updated with the
increasing number of collected samples; therefore, the subsequent model update is also considered in
this paper. Because of the light-weight structure, our framework can be fine-tuned with low hardware
requirements. Moreover, the light-weight framework can be conveniently embedded into the mobile
fecal examination machine.

Because of the scarcity of fecal trait datasets labeled by professional doctors, few related automatic
diagnosis systems have been designed and this research field is developing slowly. To our best
knowledge, the only report on fecal trait recognition is found in [2]. However, this method cannot
maintain its recognition performance in real hospital environments because the dataset was collected
in uncontrollable environments. In order to alleviate this problem, we tried to compile a dataset in
which all of the acquired images are only used for scientific research with the consent of the patients.
It is worth emphasizing that all the images were labeled by professional doctors, so the dataset has a
high research and medical value. Moreover, the fecal images were carefully classified into five classes,
as shown in Figure 1, namely, tar, paste, mucus, watery, and loose.
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Our approach is composed of three stages: illumination normalization, object detection, and
classification diagnosis. The first stage and the second stage are combined into the preprocessing stage.
The illumination condition contains the illumination source and the illumination level. The illumination
sources in our fecal detection machine are astigmatism, such as natural light and lamplights that
are unlike spotlights, so the principal illumination is the variance in the illumination level. Since
the illumination conditions are not always exactly uniform in different hospitals, the digital images
acquired with the camera sensors are not always at the same illumination level, so the images need to
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be normalized to a uniform illumination level. Then, the feces object is detected with segmentation
to remove the disturbance of the background. Finally, a light-weight practical convolutional neural
network (CNN) is proposed for the feature extraction and trait recognition. The main contributions of
this paper include:

1. A novel research field for public health is proposed, in which the fecal image dataset is collected
in a real hospital environment and labeled by professional doctors. This dataset has a high clinical
value and a high medical value;

2. A quick automatic accurate and robust diagnosis framework is proposed. The feces object is
accurately detected with a well-designed threshold-based segmentation scheme on the selected
color component to reduce the background disturbance. We find that the CNN does not resist the
illumination variance well. In contrast, our framework has a strong tolerance for illumination
variances, and the trait classification accuracy is satisfactory;

3. Our light-weight framework is economical and meets the requirements of practical applications.
The computational complexity is low and the number of parameters is small. It is feasible and
convenient to fine-tune the structure with a common hardware source.

The rest of this paper is organized as follows. Section 2 introduces the related work. Section 3
specifies our framework in detail. The experiments and discussion are in Section 4. The conclusions
are drawn in Section 5.

2. Related Works

Fecal examinations can be roughly divided into traditional methods and computer-aided
methods. Traditional fecal examinations include physical-based and chemical-based methods.
Kopylov et al. [3] confirmed the correlation between calprotectin and the small bowel, and assessed the
small bowel diagnostic accuracy based on calprotectin. Costea et al. [4] tested 21 representative
DNA extraction protocols and recommended a standardized fecal DNA extraction method.
Teimoori et al. [5] applied a developed recombinant O. viverrini cathepsin F to diagnose human
opisthorchiasis. Inpankaew et al. [6] compared Kato–Katz and a simple sodium nitrate flotation
technique in the identification of eggs in feces samples. Cai et al. [7] applied a TaqMan based real-time
polymerase chain reaction to detect C. sinensis DNA in the feces sample. The methods mentioned
above require lots of demanding professional skills, expensive sensors, instruments, and reagents.
Moreover, these methods may cause pollution in environment [8].

Computer-aided medical diagnosis systems for macroscopic examinations have several advantages,
such as the quick examination speed, high accuracy, low risk of cross infection, and low levels of
professional skills required. Many automatic diagnosis systems are designed with computer technology.
Theriot et al. [9] used a logistic model to classify the patients with non-C. difficile diarrhea, C. difficile
infection, and the patients who are asymptomatically colonized with C. difficile. Carvalho et al. [10]
combined fuzzy logic and a support vector machine (SVM) to diagnose lung nodules; the fuzzy rule
was designed by a professional doctor. Similarly, Soundararajan et al. [11] proposed a fuzzy logic-based
knowledge system for tuberculosis recognition. The aforementioned methods are based on manual
feature extraction.

With the rapid development of artificial intelligence, especially deep learning, in recent years,
convolutional neural networks (CNN) have been widely studied and have achieved excellent results
in different tasks related to computer vision, such as image enhancement [12], segmentation [13],
tracking [14], detection [15], and recognition [16–18]. The features learned with the CNN do not heavily
rely on manual modeling, so their robustness and accuracy are usually better than for manual methods.
In the intelligent healthcare field, CNNs do well in analyzing medical images [19]. Sun et al. [20]
implemented three network structures and some traditional methods, and their deep belief network
yielded a satisfactory accuracy in diagnosing lung cancer based on computed tomography (CT) images.
Arabasadi et al. [21] proposed a hybrid method in which a genetic algorithm was used to initialize
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the parameters, and the CNN was used to extract the features and classify cardiovascular diseases.
Oktay et al. [22] incorporated prior anatomical knowledge into CNNs through a novel regularization
model. Since fusion can improve the performance in many ways [23–25], Liu et al. [26] proposed a novel
network layer that effectively fuses the global information from the input, and a novel multi-scale input
strategy that acquires multi-scale features. Li et al. [27] proposed a novel 3D self-attention CNN for the
low-dose CT denoising problem; the structure acquired more spatial information. Tschandl et al. [28]
trained two CNNs with dermoscopic images and clinical close-ups images, respectively, and combined
the outputs of CNNs to diagnose nonpigmented skin cancer. In addition, Singhal et al. [29] applied a
CNN to analyze the emotion variances of people based on electroencephalograms.

Object detection is widely used in the medical diagnosis field. Many object detection methods
have been proposed and have yielded remarkable results in recent years [30,31]. Yang et al. [32]
proposed a novel object detection method that combined multi-scale features and an attention-based
rotation network. Pang et al. [33] improved “you only look once” (YOLO) [34] to detect concealed
objects. Yang et al. [35] proposed a real-time cascaded framework to detect tiny faces. Yuan et al. [36]
proposed a scale-adaptive CNN to detect occluded targets and track them. Zhao et al. [37] detected the
salient object according to the difference between the feature maps of different depths. Fu et al. [38]
proposed a general unified framework to detect the salient object, which is composed of “skip-layer”
architecture, “top-down” architecture, “short-connection” architecture, and so on. These CNN-based
methods yield satisfactory accuracies, but they require a large amount of data and high-performance
hardware to train the networks. Because of the particularity of feces samples, neither the location nor
the shape is fixed, it is unfeasible to directly label the images to train CNNs for feces object detection.

Vision systems can generate more efficient and diverse information than the other sensory
organs [39–41], so medical images are usually acquired by visual sensors. However, images typically
contain much private information, and few patients are willing to provide their pathological samples,
certainly including fecal samples. Few researchers have investigated computer-aided fecal examinations
because of the lack of datasets. Hachuel et al. [2] applied ResNet [42] to classify feces macroscopic
images into three classes, namely, constipation, normal, and loose. The images were collected in
uncontrollable environments. The structure is very deep, and it is unsuitable for a real hospital
environment, which is a unified and controllable environment. Nkamgang et al. [43] extracted
histogram orientation gradient (HOG) features from the microscopic images and applied a neuro-fuzzy
classifier for the diagnosis of intestinal parasite diseases. Yang et al. [44] proposed a shallow CNN
dubbed StoolNet to classify the colors of fecal images.

3. Materials and Methods

3.1. Overview of the Framework

Routine fecal examinations are important to the patients with digestive diseases, and trait
examination results can be used to diagnose various related diseases. In this paper, we propose a quick,
automatic, accurate, and robust framework for fecal trait examinations, which consists of three stages,
as shown in Figure 2. The input images should be transformed to hue, saturation, and value (HSV)
color space, and the illumination normalization and target detection are conducted on the V map and H
map, respectively. Illumination variance deteriorates the classification accuracy. In real environments,
digital images are acquired with vision sensors; however, the illumination level is not always fixed.
Hence, a simple but efficient illumination normalization method is necessary to improve the robustness.
The feces object is accurately detected with a well-designed threshold-based segmentation scheme on
the selected color component to reduce background disturbance. Finally, the preprocessed images are
input to a shadow CNN that is suitable for the fecal trait classification task.
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3.2. Illumination Normalization

A good illumination tolerance is very important for feature extraction [45,46]; the requirement of
the robustness against the illumination variance is very high, especially in the medical diagnosis field.
In order to reduce the computational complexity and improve the robustness, a simple but effective
illumination normalization method is proposed.

Red, green, and blue (RGB) is a typical image color space. However, the three channels are all
sensitive to illumination variance. Therefore, RGB color space should be transformed to HSV color
space. In HSV color space, only the value channel is sensitive to illumination variance. Therefore,
the images are transformed into HSV color space first. The value range of H is [0, 360]. The value of H
is calculated as

h =



0◦, i f max = min
60◦ × g−b

max−min + 0◦, i f max = r and g ≥ b
60◦ × g−b

max−min + 360◦, i f max = r and g < b
60◦ × b−r

max−min + 120◦, i f max = g
60◦ × r−g

max−min + 240◦, i f max = b

(1)

where r, g, and b are the values in the red, green, and blue channels, respectively; max = max(r, g, b),
min = min(r, g, b), max and min are the functions to select the maximum value and the minimum
value from the inputs; and h is the hue value.

The value of S is calculated as

=

{
0, i f max = 0

max−min
max , otherwise

(2)
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where s is the saturation value.
The value of V is the maximum value of r, g, and b, which is repressed as

v = max (3)

where v is the value in the value channel.
Commonly, if the training set contains the images under various illuminations, the recognition

accuracy will be good when the illuminations of the testing images are the same as those of the training
set, which will be confirmed in Section 4. However, in practical environments, it is difficult to collect
images under different illuminations. It is challenging to test the images at different illumination
levels while the training images are at a single illumination level. Since the backgrounds of the images
acquired with our machine are approximately uniform, we calculate the standard illumination value,
i.e., the average illumination value of the background pixels of all training images. The standard
illumination value is used to adjust the illuminations of the testing images. At first, the reference
number is calculated as

vs =
1
n

n∑
i = 1

vi (4)

where n is the number of training images, vi is the average illumination value of the background pixels
of the i-th training image, and vs is the standard illumination value.

The values of the three channels are calculated according to the reference number, because the
three channels are changed by the equal reference value; the differences of the hue and the texture
between the original image and the referenced image are not huge. The values after illumination
normalization are calculated as

Ro = R×
Vt

Vs
(5)

where R and Ro are the original and normalized red channels, respectively, and vt is the average
illumination value of the background pixels of the testing image.

Go = G×
Vt

Vs
(6)

Bo = B×
Vt

Vs
(7)

Similarly, the green and blue channels are processed in the same way.

3.3. Object Detection

The background could decrease the recognition accuracy. In order to suppress the background
disturbance and converge it into a short epoch, the object regions are automatically detected with
an unsupervised threshold segmentation method that yields a satisfactory detection accuracy.
The threshold-based method typically works on a grayscale map. Compared with other color
components, saturation is a good feature for feces object detection, which is shown in Figure 3.

The saturation maps of five different classes are shown in Figure 4. The saturation channel can
always yield a good distinguish performance.
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The automatic detection method is a threshold-based method on the grayscale map, with which
an adaptive threshold is computed. The proportions of the foreground and the background pixels are
first calculated.  w0 = N0

M × N
w1 = N1

M × N
, w0 + w1 = 1 and N0 + N1 = M×N (8)

where w0 and w1 are the proportions of the foreground and the background pixels, respectively; N0

and N1 are the numbers of foreground and background pixels, respectively; and M×N is the size of
the image.

The average grayscale value of the image is calculated as

µ = w0 × µ0 + w1 × µ1 (9)

where µ, µ0, and µ1 are the average grayscale value of the whole image, the foreground pixels, and the
background pixels, respectively.
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Finally, the greatest difference between the grayscale values of the background and the foreground
yields a satisfactory segmentation effect. Meanwhile, the grayscale value is considered as the
segmentation threshold.

g = w0 × (µ0 − µ)
2 +w1 × (µ1 − µ)

2 (10)

where g is the inter-variance between the foreground and background. The objective is to search the
adapted threshold to maximize g.

3.4. Shallow CNN

In this paper, a shallow CNN is proposed to recognize fecal traits, the network structure is shown
in Figure 2. The input of the network is resized as 60 × 60. The first three layers are all convolutional
layers with a kernel size of 3 × 3, and the numbers of filters are 32, 64, and 256, respectively.
The convoluted results are all passed to the max pooling layers. The two full connection layers are
with a 256-dimensional vector and five-dimensional vector, respectively. In order to conveniently
reproduce the structure, the key functions are defined as follows:

ReLU is the activation function:
f (x) = max(0, x) (11)

Dropout [47] is applied on the full connection layers to avoid the overfitting problem. The outputs
of the network are normalized using the softmax function:

so f tmax(yi) =
eyi∑m

j = 1 ey j
(12)

where i is the class index, yi is the probability of i-th class, and m is the number of classes.
Adam optimization [48] is applied to update parameters, and the loss function is a logistic function:

L(p, q) = −
∑n

i = 1
pT

i ·log(qi) (13)

where pT
i is the ground truth probability of i-th sample, qi is the predicted probability, and n is the

number of samples.

4. Experiments and Discussion

The experimental setup is as follows: Intel Core i5-8250U CPU, 8GB internal storage, NVIDIA
GeForce mx150 GPU. All codes were written in Python. The Python compiler is Pycharm. The deep
learning framework is Tensorflow [49].

As far as we know, there is no public fecal examination dataset until now. Even though fecal
examinations are very important to healthcare, the lack of a dataset has suppressed the development
of the related studies. Professional doctors carefully categorized the fecal images into five typical trait
classes: tar, paste, mucus, watery, and loose. Illumination variance typically deteriorates the recognition
accuracy, so we needed to test our approach under different illumination conditions. However, it is
difficult to collect the fecal images under different illuminations, so we simulated the effects of various
illumination scales, as shown in Figure 5. We collected and augmented the fecal trait images using the
method in [50]. Each image was rotated three times and inverted. If the shape of the object in one of
the newly augmented image existed in the previous augmented images, this augmented image was
deleted. Hence, each original image has seven augmented images. The images after augmentation
were salted with Gaussian noise. Finally, the total number of images is 6336.
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In all experiments, 75% and 25% of the dataset were set as the training set and the testing set,
respectively. In order to suppress the information learned from the shape, the images with the same
shape were put only in the training set or in the testing set. The shape of an original image was the
reference shape, its rotation and inversion generated different shapes, while the shapes of the other
augmented images were considered to have the same shape as the reference shape. Two main reasons
motivated us to do this: first, in order to verify the effect of our method in a tough environment,
we deliberately increased the difficulty by reducing the number of shape styles that could be learned
in training set; second, it is rare to find two feces samples with the same shape in practice, so this
operation is reasonable.

All images were preprocessed, the preprocessing stage includes illumination normalization and
object detection with segmentation. The relationship between the network depth and its recognition
accuracy is shown in Figure 6. For the trait recognition task, three layers is a better choice than the other
structures. When the number of layers was less than three, the corresponding layers were removed.
When the number of layers was larger than three, the number of kernels was doubled layer by layer,
and the step size remained one.

Images acquired with vision sensors in different hospitals are not always at the same illumination
level, so we tested the illumination variance tolerance of our approach. If the training images and
testing images were under highly different illumination levels, the recognition accuracy could be
terrible. Thus, in this experiment, the training set consisted of images under a single illumination,
while the testing set consisted of images with different illuminations. As shown in Table 1, illumination
normalization and object detection can improve the robustness against illumination variance. Moreover,
recognition accuracy is always the best when both the two preprocessed methods are jointly applied.
As shown in Figure 7, “W-P”, “T-D” and “I-N” denotes “without preprocessing”, “target detection”,
and “illumination normalization”.
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Table 1. Normalized Hamming distances between the segmented images under different illuminations.

Illumination Scale Tar Paste Mucus Watery Loose

0.5 0.0033 0.0047 0.0046 0.0053 0.0045
0.6 0.0028 0.0047 0.0039 0.0039 0.0039
0.7 0.0025 0.0038 0.0034 0.0029 0.0037
0.8 0.0022 0.0020 0.0034 0.0029 0.0028
0.9 0.0026 0.0024 0.0033 0.0021 0.0025
1.1 0.0058 0.0038 0.0041 0.0042 0.0060
1.2 0.0118 0.0056 0.0100 0.0060 0.0105
1.3 0.0281 0.0165 0.0128 0.0145 0.0191
1.4 0.0350 0.0282 0.0239 0.0203 0.0235
1.5 0.0417 0.0486 0.0380 0.0379 0.0282
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The target detection method is insensitive to illumination variance, because the proportion between
the foreground and the background does not depend on illumination variance. The normalized
Hamming distance measures the dissimilarity between the segmented images under the standard
illumination and other illuminations. According to Table 1, all the normalized Hamming distances are
very low, which confirms that our target detection method is insensitive to illumination variance.
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There are very few fecal trait recognition methods, so we compared our method with the method
in [2] and the related state of the art [44]. In [2], the method was not designed for a real hospital
environment. Furthermore, there are several substantial differences between this paper and [44],
which are summarized as follows:

1. The recognition tasks are different. In [44], the method is designed for fecal color recognition, but
the main objective of this paper was to design a quick, automatic, accurate, and robust method to
classify the traits of fecal images. Color recognition and trait recognition are both important for
macroscopic examinations, but typically trait recognition is more difficult than color recognition;

2. The method described in [44] cannot maintain its level of performance in the task presented in
this paper, which is demonstrated by the experimental results. The developed novel method in
this paper can work well in the trait classification task;

3. The method described in [44] cannot work well at different illumination levels. In contrast,
the illumination problem has been solved well in this paper.

According to Table 2, when the training set was composed of the images under different
illuminations, the accuracy of our method was at least 7.78% higher than the other methods. Besides,
when the training set was composed of the images under single illumination, our method yields at
least a 13.96% higher accuracy than the other methods. The method described in [2] was designed for
uncontrollable environments, which means that the structure is too bloated to converge in controllable
environments. In addition, the number of classes in our dataset is more than in their dataset, which
implies that the classification difficulty was higher for our dataset in the task. It can be concluded
that a deeper depth and a bigger number of parameters do not always yield a better recognition
accuracy; however, they would lead to difficulties converging, especially in controllable environments.
The depth of the CNN in [2] is 18, while the depth of our network is only three. Hence, our method
can converge fast and yields a high recognition accuracy in a real hospital environment.

Table 2. Accuracies of different methods.

Training Set ResNet [2] StoolNet [44] Proposed

Single illumination 43.01% 84.37% 98.33%
All illumination 43.74% 90.62% 98.40%

5. Conclusions

In this paper, we propose a novel, quick, automatic, accurate, and robust fecal trait examination
approach. A valuable fecal trait dataset was collected in a real hospital environment and all the images
were labeled by professional doctors. The feces object was accurately detected with a well-designed
threshold-based segmentation scheme on the selected color component to reduce the background
disturbance. In addition, the illumination normalization scheme has a strong tolerance for illumination
variance, and the recognition accuracy meets the business requirements. As a result of the light-weight
structure, the computational complexity and the storage cost are both low, which is necessary for
the application of automatic fecal examination machines and some edge devices, such as hand-held
examination devices. Meanwhile, the shallow structure means it is feasible and convenient to fine-tune
when more samples are collected. In the future work, we will try to develop a general fecal examination
system with more functions and collect more samples to enlarge our dataset.

Author Contributions: Conceptualization, L.L. and Z.Y.; methodology, L.L., Z.Y. and C.K.; software, Z.Y. and
Y.Z.; validation, L.L. and Y.Z.; formal analysis, L.L., Z.Y. and C.K.; investigation, L.L. and Z.Y.; resources, L.L. and
Z.Y.; data curation, Y.Z.; writing—original draft preparation, Z.Y.; writing—review and editing, L.L. and C.K.;
visualization, Z.Y.; supervision, L.L.; project administration, L.L.; funding acquisition, L.L. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by the National Natural Science Foundation of China under Grant 61866028,
Foundation of China Scholarship Council under Grant CSC201908360075, Key Program Project of Research and



Sensors 2020, 20, 2644 12 of 14

Development (Jiangxi Provincial Department of Science and Technology) under Grant 20171ACE50024, Open
Foundation of Key Laboratory of Jiangxi Province for Image Processing and Pattern Recognition under Grant
ET201680245 and Grant TX201604002, Basic Science Research Program through the National Research Foundation
of Korea (NRF) under Grant 2015R1D1A1A01059253, and Framework of International Cooperation Program
Managed by NRF under Grant 2016K2A9A2A05005255.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Nakarai, A.; Kato, J.; Hiraoka, S.; Takashima, S.; Takei, D.; Inokuchi, T.; Sugihara, Y.; Takahara, M.;
Harada, M.; Okada, H. Ulcerative Colitis Patients in Clinical Remission Demonstrate Correlations between
Fecal Immunochemical Examination Results, Mucosal Healing, and Risk of Relapse. World J. Gastroenterol.
2016, 22, 5079–5087. [CrossRef]

2. Hachuel, D.; Jha, A.; Estrin, D.; Martinez, A.; Staller, K.; Velez, C. Augmenting Gastrointestinal Health: A
Deep Learning Approach to Human Stool Recognition and Characterization in Macroscopic Images. arXiv
2019, arXiv:1903.10578. [CrossRef]

3. Kopylov, U.; Yung, D.E.; Engel, T.; Avni, T.; Battat, R.; Ben-Horin, S.; Plevris, J.N.; Eliakim, R.; Koulaouzidis, A.
Fecal Calprotectin for the Prediction of Small-Bowel Crohn’s Disease by Capsule Endoscopy: A Systematic
Review and Meta-Analysis. Eur. J. Gastroenterol. Hepatol. 2016, 28, 1137–1144. [CrossRef]

4. Costea, P.; Zeller, G.; Sunagawa, S.; Pelletier, E.; Alberti, A.; Levenez, F.; Tramontano, M.; Driessen, M.;
Hercog, R.; Jung, F.E.; et al. Towards Standards for Human Fecal Sample Processing in Metagenomic Studies.
Nat. Biotechnol. 2017, 35, 1069–1076. [CrossRef]

5. Teimoori, S.; Arimatsu, Y.; Laha, T.; Kaewkes, S.; Sereerak, P.; Sripa, M.; Tangkawattana, S.; Brindley, P.J.;
Spripa, B. Chicken IgY-based Coproantigen Capture ELISA for Diagnosis of Human Opisthorchiasis. Parasitol.
Int. 2017, 66, 443–447. [CrossRef]

6. Inpankaew, T.; Schär, F.; Khieu, V.; Muth, S.; Dalsgaard, A.; Marti, H.; Traub, R.J.; Odermatt, P. Simple
Fecal Flotation is A Superior Alternative to Guadruple Kato Katz Smear Examination for the Detection of
Hookworm Eggs in Human Stool. PLoS Negl. Trop. Dis. 2014, 8, e3313. [CrossRef]

7. Cai, X.Q.; Yu, H.Q.; Bai, J.S.; Tang, J.D.; Hu, X.C.; Chen, D.H.; Zhang, R.L.; Chen, M.X.; Ai, L.; Zhu, X.Q.
Development of A TaqMan based Real-Time PCR Assay for Detection of Clonorchis sinensis DNA in Human
Stool Samples and Fishes. Parasitol. Int. 2016, 61, 183–186. [CrossRef]

8. Jiang, Y.S.; Riedel, T.E.; Popoola, J.A.; Morrow, B.R.; Cai, S.; Ellington, A.D.; Bhadra, S. Portable Platform for
Rapid In-Field Identification of Human Fecal Pollution in Water. Water Res. 2018, 131, 186–195. [CrossRef]

9. Theriot, C.M.; Joshua, R.F. Human Fecal Metabolomic Profiling could Inform Clostridioides Difficile Infection
Diagnosis and Treatment. J. Clin. Invest. 2019, 129, 3539–3541. [CrossRef]

10. Carvalho Carvalho, A.O.F.; Silva, A.C.; Paiva, A.C.; Nunes, R.A.; Gattass, M. Lung-Nodule Classification
Based on Computed Tomography Using Taxonomic Diversity Indexes and an SVM. J. Signal Process. Syst.
2017, 87, 179–196. [CrossRef]

11. Soundararajan, K.; Sureshkumar, S.; Anusuya, C. Diagnostic Decision Support System for Tuberculosis using
Fuzzy Logic. Int. J. Comput. Sci. Inform. Technol. Secur. 2012, 2, 684–689.

12. Madeira, T.; Oliveira, M.; Dias, P. Enhancement of RGB-D Image Alignment Using Fiducial Markers. Sensors
2020, 20, 1497. [CrossRef]

13. Zhang, Y.; Chu, J.; Leng, L.; Miao, J. Mask-Refined R-CNN: A Network for Refining Object Details in Instance
Segmentation. Sensors 2020, 20, 1010. [CrossRef]

14. Chu, J.; Tu, X.; Leng, L.; Miao, J. Double-Channel Object Tracking with Position Deviation Suppression. IEEE
Access 2020, 8, 856–866. [CrossRef]

15. Chu, J.; Guo, Z.; Leng, L. Object Detection based on Multi-Layer Convolution Feature Fusion and Online
Hard Example Mining. IEEE Access 2018, 6, 19959–19967. [CrossRef]

16. Kim, J.H.; Kim, B.-G.; Roy, P.P.; Jeong, D.M. Efficient Facial Expression Recognition Algorithm Based on
Hierachical Deep Neural Network Sructure. IEEE Access 2019, 7, 41273–41285. [CrossRef]

17. Kumar, P.; Mukerjee, S.; Saini, R.; Roy, P.P.; Dogra, D.P.; Kim, B.G. Plant Disease Identification Using Deep
Neural Networks. J. Multimedia Inf. Syst. 2017, 4, 233–238.

18. Jeong, D.; Kim, B.G.; Dong, S.Y. Deep Joint Spatiotemporal Network (DJSTN) for Efficient Facial Expression
Recognition. Sensors 2020, 20, 1936. [CrossRef]

http://dx.doi.org/10.3748/wjg.v22.i21.5079
http://dx.doi.org/10.1016/S0016-5085(19)39304-7
http://dx.doi.org/10.1097/MEG.0000000000000692
http://dx.doi.org/10.1038/nbt.3960
http://dx.doi.org/10.1016/j.parint.2015.10.011
http://dx.doi.org/10.1371/journal.pntd.0003313
http://dx.doi.org/10.1016/j.parint.2011.06.010
http://dx.doi.org/10.1016/j.watres.2017.12.023
http://dx.doi.org/10.1172/JCI130008
http://dx.doi.org/10.1007/s11265-016-1134-5
http://dx.doi.org/10.3390/s20051497
http://dx.doi.org/10.3390/s20041010
http://dx.doi.org/10.1109/ACCESS.2019.2961778
http://dx.doi.org/10.1109/ACCESS.2018.2815149
http://dx.doi.org/10.1109/ACCESS.2019.2907327
http://dx.doi.org/10.3390/s20071936


Sensors 2020, 20, 2644 13 of 14

19. Baamonde, S.; de Moura, J.; Novo, J.; Charlón, P.; Ortega, M. Automatic Identification and Intuitive Map
Representation of the Epiretinal Membrane Presence in 3D OCT Volumes. Sensors 2019, 19, 5269. [CrossRef]

20. Sun, W.; Zheng, B.; Wei, Q. Computer Aided Lung Cancer Diagnosis with Deep Learning Algorithms. SPIE
Med. Imaging 2016, 9785, 97850Z.

21. Arabasadi, Z.; Alizadehsani, R.; Roshanzamir, M.; Moosaei, H.; Yarifard, A.A. Computer Aided Decision
Making for Heart Disease Detection using Hybrid Neural Network-Genetic Algorithm. Comput. Meth.
Programs Biomed. 2017, 141, 19–26. [CrossRef]

22. Oktay, O.; Ferrante, E.; Kamnitsas, K.; Heinrich, M.; Bai, W.; Caballero, J.; Cook, S.A.; De Marvao, A.;
Dawes, T.; O’Regan, D.P.; et al. Anatomically Constrained Neural Networks (ACNNs): Application to
Cardiac Image Enhancement and Segmentation. IEEE Trans. Med. Imaging 2018, 37, 384–395. [CrossRef]

23. Leng, L.; Li, M.; Kim, C.; Bi, X. Dual-Source Discrimination Power Analysis for Multi-Instance Contactless
Palmprint Recognition. Multimed. Tools Appl. 2017, 76, 333–354. [CrossRef]

24. Leng, L.; Zhang, J.S. PalmHash Code vs. PalmPhasor Code. Neurocomputing 2013, 108, 1–12. [CrossRef]
25. Leng, L.; Teoh, A.B.J.; Li, M.; Khan, M.K. A Remote Cancelable Palmprint Authentication Protocol based

on Multi-Directional Two-Dimensional PalmPhasor-Fusion. Secur. Commun. Netw. 2014, 7, 1860–1871.
[CrossRef]

26. Liu, Y.; Yuan, H.; Wang, Z.; Ji, S. Global Pixel Transformers for Virtual Staining for Microscopy Images. IEEE
Trans. Med. Imaging 2020. [CrossRef]

27. Li, M.; Hsu, W.; Xie, X.; Cong, J.; Gao, W. SACNN: Self-Attention Convolutional Neural Network for
Low-Dose CT Denoising with Self-supervised Perceptual Loss Network. IEEE Trans. Med. Imaging 2020.
[CrossRef]

28. Tschandl, P.; Rosendahl, C.; Akay, B.N.; Argenziano, G.; Blum, A.; Braun, R.P.; Cabo, H.; Gourhant, J.Y.;
Kreusch, J.; Lallas, A.; et al. Expert-Level Diagnosis of Nonpigmented Skin Cancer by Combined
Convolutional Neural Netowrks. JAMA Dermatol. 2019, 155, 58–65. [CrossRef]

29. Singhal, A.; Kumar, P.; Saini, R.; Roy, P.P.; Dogra, D.P.; Kim, B.G. Summarization of Videos by Analyzing
Affective State of the User through Crowdsource. Cogn. Syst. Res. 2018, 52, 917–930. [CrossRef]

30. Kim, B.G.; Shim, J.I.; Park, D.J. Fast Image Segmentation based on Multi-Resolution Analysis and Wavelets.
Pattern Recognit. Lett. 2003, 24, 2995–3006. [CrossRef]

31. Gong, C.; Tao, D.; Liu, W.; Maybank, S.J.; Fang, M.; Fu, K.; Yang, J. Saliency Propagation from Simple to
Difficult. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Boston, MA,
USA, 7–12 June 2015; pp. 2531–2539.

32. Yang, F.; Li, W.; Hu, H.; Li, W.; Wang, P. Multi-Scale Feature Integrated Attention-Based Rotation Network
for Object Detection in VHR Aerial Images. Sensors 2020, 20, 1686. [CrossRef]

33. Pang, L.; Liu, H.; Chen, Y.; Miao, J. Real-time Concealed Object Detection from Passive Millimeter Wave
Images Based on the YOLOv3 Algorithm. Sensors 2020, 20, 1678. [CrossRef]

34. Redmon, J.; Divvala, S.; Girshick, R.; Farhadi, A. You Only Look Once: Unified, Real-time Object Detection.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA,
27–30 June 2016; pp. 779–788.

35. Yang, Z.; Li, J.; Min, W.; Wang, Q. Real-Time Pre-Identification and Cascaded Detection for Tiny Faces. Appl.
Sci. 2019, 9, 4344. [CrossRef]

36. Yuan, Y.; Chu, J.; Leng, L.; Miao, J.; Kim, B.G. A Scale-Adaptive Object-Tracking Algorithm with Occlusion
Detection. EURASIP J. Image Video Process. 2020, 1, 1–15. [CrossRef]

37. Zhao, J.X.; Liu, J.J.; Fan, D.P.; Cao, Y.; Yang, J.; Cheng, M.M. EGNet: Edge Guidance Network for Salient
Object Detection. In Proceedings of the IEEE International Conference on Computer Vision, Seoul, Korea, 27
October–2 November 2019; pp. 8779–8788.

38. Fu, K.; Zhao, Q.; Gu, I.Y.H.; Yang, J. Deepside: A General Deep Framework for Salient Object Detection.
Neurocomputing 2019, 9, 4344. [CrossRef]

39. Shallari, I.; O’Nils, M. From the Sensor to the Cloud: Intelligence Partitioning for Smart Camera Applications.
Sensors 2019, 19, 5162. [CrossRef]

40. Kim, J.H.; Hong, G.S.; Kim, B.G.; Dogra, D.P. DeepGesture: Deep Learning-based Gesture Recognition
Scheme using Motion Sensors. Displays 2018, 55, 38–45. [CrossRef]

41. Sadak, F.; Saadat, M.; Hajiyavand, A.M. Vision-Based Sensor for Three-Dimensional Vibrational Motion
Detection in Biological Cell Injection. Sensors 2019, 19, 5074. [CrossRef]

http://dx.doi.org/10.3390/s19235269
http://dx.doi.org/10.1016/j.cmpb.2017.01.004
http://dx.doi.org/10.1109/TMI.2017.2743464
http://dx.doi.org/10.1007/s11042-015-3058-7
http://dx.doi.org/10.1016/j.neucom.2012.08.028
http://dx.doi.org/10.1002/sec.900
http://dx.doi.org/10.1109/TMI.2020.2968504
http://dx.doi.org/10.1109/TMI.2020.2968472
http://dx.doi.org/10.1001/jamadermatol.2018.4378
http://dx.doi.org/10.1016/j.cogsys.2018.09.019
http://dx.doi.org/10.1016/S0167-8655(03)00160-0
http://dx.doi.org/10.3390/s20061686
http://dx.doi.org/10.3390/s20061678
http://dx.doi.org/10.3390/app9204344
http://dx.doi.org/10.1186/s13640-020-0496-6
http://dx.doi.org/10.1016/j.neucom.2019.04.062
http://dx.doi.org/10.3390/s19235162
http://dx.doi.org/10.1016/j.displa.2018.08.001
http://dx.doi.org/10.3390/s19235074


Sensors 2020, 20, 2644 14 of 14

42. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.

43. Nkamgang, O.T.; Tchiotsop, D.; Fotsin, H.B.; Talla, P.K.; Dorr, V.L.; Wolf, D. Automatic the Clinical Stools
Exam using Image Processing Integrated in An Expert System. Inform. Med. Unlocked 2019, 15, 100165.
[CrossRef]

44. Yang, Z.; Leng, L.; Kim, B.G. StoolNet for Color Classification of Stool Medical Images. Electronics 2019,
8, 1464. [CrossRef]

45. Leng, L.; Zhang, J.S.; Khan, M.K.; Chen, X.; Alghathbar, K. Dynamic Weighted Discrimination Power
Analysis: A Novel Approach for Face and Palmprint Recognition in DCT Domain. Int. J. Phys. Sci. 2010,
5, 2543–2554.

46. Leng, L.; Zhang, J.S.; Xu, J.; Khan, M.K.; Alghathbar, K. Dynamic Weighted Discrimination Power Analysis
in DCT Domain for Face and Palmprint Recognition. In Proceedings of the International Conference on
Information and Communication Technology Convergence, Jeju Island, Korea, 17–19 November 2010;
pp. 467–471.

47. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. ImageNet Classification with Deep Convolutional Neural Networks.
In Proceedings of the International Conference on Neural Information Processing Systems, Lake Tahoe,
Nevada, 3–6 December 2012; pp. 1097–1125.

48. Kingma, D.P.; Ba, J. Adam: A Method for Stochastic Optimization. arXiv 2014, arXiv:1412.6980.
49. Abadi, M. Tensorflow: Learning Functions at Scale. ACM Sigplan Not. 2016, 51, 1. [CrossRef]
50. Perez, L.; Wang, J. The Effectiveness of Data Augmentation in Image Classification using Deep Learning.

arXiv 2017, arXiv:1712.04621.

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.imu.2019.100165
http://dx.doi.org/10.3390/electronics8121464
http://dx.doi.org/10.1145/3022670.2976746
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Related Works 
	Materials and Methods 
	Overview of the Framework 
	Illumination Normalization 
	Object Detection 
	Shallow CNN 

	Experiments and Discussion 
	Conclusions 
	References

