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Abstract: Using mobile phones for medical applications are proliferating due 

to high-quality embedded sensors. Jaundice, a yellow discoloration of the skin 

caused by excess bilirubin, is a prevalent physiological problem in newborns. 

While moderate amounts of bilirubin are safe in healthy newborns, extreme 

levels are fatal and cause devastating and irreversible brain damage. Accurate 

tests to measure jaundice require a blood draw or dedicated clinical devices 

facing difficulty where clinical technology is unavailable. This paper presents 

a smartphone-based screening tool to detect neonatal hyperbilirubinemia 

caused by the high bilirubin production rate. A machine learning regression 

model is trained on a pretty large dataset of images, including 446 samples, 

taken from newborns' sternum skin in four medical centers in Iran. The learned 

model is then used to estimate the level of bilirubin. Experimental results show 

a mean absolute error of 1.807 mg/dl and a correlation of 0.701 between 

predicted bilirubin by the proposed method and the TSB values as ground truth. 

Keywords: Health Sensing, Image Processing, Internet of Things, Machine 

Learning, Neonatal Jaundice.

1 Introduction 

Smartphones have been widely used as assistive tools in 

various human daily life applications such as navigation, 

shopping, and homecare. Using a mobile phone for 

medical applications has also been rapidly growing due 

to the range of high-quality sensors embedded in the 

new generation of smartphones. 
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Jaundice is one of the most common causes of the need 

for medical care in newborns and is the most common 

reason for neonatal hospitalization [1]. Nearly all 

newborns experience serum bilirubin levels above 1 

mg/dL, which is the highest acceptable level for adults. 

About 84% of them experience apparent jaundice in the 

first week of their life [2]. 

Neonatal jaundice occurs due to the high rate of 

bilirubin production (because of the high turnover of red 

blood cells), the immaturity of bilirubin excretory 

pathways, and the high rate of the enterohepatic cycle. 

Bilirubin is a toxic substance for nerve cells. High serum 

levels, significantly above 25 mg/dL, may damage nerve 

cells, leading to irreversible neurological complications 

such as hearing loss, cerebral palsy, and cognitive 

impairment if not diagnosed and treated in time [3]. 

These phenomena highlight the importance of early 
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diagnosis and treatment of neonatal hyperbilirubinemia 

in infants.  

For the time being, the medical gold standard for 

measuring neonatal jaundice is total serum bilirubin 

(TSB) [4]. Despite its high accuracy, it is an invasive 

method that requires blood sampling from the newborn 

and is also not accessible everywhere, including at most 

outpatient clinics, doctors' offices, and at home. 

Therefore, TSB often requires visits to health centers. 

These issues, along with the fact that serum bilirubin 

peaks usually occur after newborns are discharged from 

the hospital, have made the TSB an ineffective screening 

neonatal jaundice approach. An alternative method for 

screening neonatal jaundice is to use a transcutaneous 

bilirubinometer (TcB) [5]. This device estimates the 

amount of serum bilirubin by analyzing the reflected 

wavelength received from the skin's surface [6]. The 

medical community confirms that TcB values above 

14.5 mg/dl of bilirubin are unreliable [7]. They are also 

expensive medical devices requiring frequent 

calibration, so their usage is limited [7].  

The most common method of screening neonatal 

jaundice by parents and therapists is the amount of skin 

jaundice that appears through visual assessment [8]. 

Studies reveal that although parents and therapists can 

diagnose neonatal jaundice by observing the skin, they 

cannot detect the extent and severity of jaundice. The 

correlation coefficient of this method with TSB is 

between 0.36 to 0.75 [7]. Even the most experienced 

medical staff underestimate bilirubin levels in situations 

where the amount of bilirubin is high [9]. The 

importance of early detection of neonatal jaundice, on 

the one hand, and the presence of such defects in 

existing screening methods, on the other, demonstrates 

the need for creating an efficient tool.  Such a tool should 

screen neonatal jaundice with high accuracy, low costs, 

and high accessibility (even at home and doctors' 

offices). 

One solution is to use a smartphone to take images 

of the body's skin and then analyze it to estimate the 

extent and severity of jaundice. Greef et al. have 

proposed an application called BiliCam, based on the 

smartphone digital camera, to measure the bilirubin 

level and screen jaundice [10], [11]. They have 

estimated the serum bilirubin level of newborns with a 

maximum rank-order correlation of 85% by applying 

existing image processing and machine learning 

algorithms. BiliCam employs an ensemble of the five 

different regression models which only uses a set of 21 

features obtained from primary images. Training and 

evaluating are performed on a dataset of 100 samples, 

which seems pretty small for learning. BiliCam only 

works on iPhone 4S and suffers from many parameters 

that should be configured manually before use. 

We hypothesize that we could increase the model 

performance in predicting bilirubin by adding more 

samples and improving feature engineering. This paper 

proposes a tool, BiliBin, to estimate the newborns' 

bilirubin serum level from their sternum skin images. 

BiliBin uses image processing with machine learning 

regression. Creating an accurate regression model 

requires a large and high-quality image with known 

bilirubin levels. To overcome this challenge, we 

gathered a large dataset of sternum skin images from 

newborns in health centers where their serum bilirubin 

level was determined by total serum bilirubin (TSB). 

The TSB values were used as labels for training samples. 

Our dataset is larger than the dataset in [10] regarding 

the size and variation of the samples. BiliBin uses 

different smartphones to generalize the results and 

mitigate previous limitations. In summary, the following 

contributions have been provided by this paper: 

1. We design and implement BiliBin, a smartphone 

application for determining neonatal jaundice 

with machine learning techniques. Both 

newborns' parents and clinicians can use our 

proposed software, BiliBin, on various Android-

based mobile phones available in the market, 

which significantly increases the reusability of 

BiliBin compared to similar applications. 

2. We propose a new feature engineering scheme by 

extracting an extended set of features from two 

types of newborns' skin photos, one photo with 

flash and another without flash. Our experiments 

confirm that combining the statistical features of 

these two images for each sample alleviates 

learning difficulties caused by data limitations in 

this area and leads to better prediction 

performance. 

3. We introduce a large dataset of newborns' skin 

images, including 446 samples taken from four 

medical centers in Iran, with known bilirubin 

levels for learning the relationship between skin 

color and bilirubin level with machine learning 

techniques. Our learned model on the proposed 

dataset predicts the amount of neonatal jaundice 

from skin images with a mean absolute error of 

1.807 and a correlation of 0.701.  

The remainder of this paper is organized as follows. 

In section 2, smartphone-based medical applications and 
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jaundice detection are discussed. Section 3 describes the 

data collection process, BiliBin's design, feature 

engineering, and learning approach. Section 4 deals with 

descriptive statistics of our collected dataset and 

evaluation of BiliBin performance. The conclusion and 

future work will be discussed in Section 5. 

2 Related Work 

Modern smartphones contain high-quality sensors 

enabling them to measure numerous medical cases. In 

recent years, they have been used for monitoring the eye, 

skin, heart, mental health, and human activity [12]. We 

focus on the applications of smartphone cameras in 

healthcare or vision-based health sensing. Engineering 

advancements in designing high-resolution cameras for 

mobile phones have made them suitable for medical 

applications that require body images from the patient's 

body, especially those related to skin color and 

appearance, such as skin cancer and neonatal jaundice. 

The first attempts at using the smartphone camera for 

retinal fundus imaging were proposed by Lord et al. 

[13], where the image of the retinal fundus was taken 

with a smartphone camera. However, their system was 

not user-friendly and could not ensure image quality. A 

smartphone-based system, DERMA/Care, has been 

proposed by Karargyris et al. [14] to support melanoma 

screening. Existing portable solutions for skin disease 

detection, such as skin cancer, mainly rely on 

conventional image processing techniques with RGB 

color imaging, feature extraction, and finally, training 

machine learning models [15], [16]. Smartphone 

cameras can estimate heart rate and heart rate variation 

from the photoplethysmogram signal derived from the 

video of the bare skin, such as the fingertip [17]. 

However, near-infrared (NIR) red light sources are used 

in most commercial cardiovascular systems [18]. Lee et 

al. have used a smartwatch-based mobile system to 

monitor the user's scratching behaviors in severe itching 

conditions such as eczema or atopic [19]. 

In the literature, there are few studies about jaundice 

estimation for newborns with completely known 

materials and data. One of the early works is 

transcutaneous bilirubin measurement in the full-term 

neonate, which simply uses the difference between the 

image's yellow color and a control paper in CIELAB 

color space [20]. A recent study also uses Pearson's 

correlation coefficient (r) to evaluate the relationship 

between each channel intensity in RGB color space and 

TSB levels [21]. More advanced methods used machine 

learning algorithms. BiliCam [10], [11] is a smartphone 

application to estimate neonatal jaundice based on the 

image which is taken from the newborn's sternum and 

forehead. Machine learning techniques are used to 

create a model that can predict neonatal jaundice by 

learning from numerous image samples with known 

serum bilirubin levels previously collected in different 

medical centers. The current version of the application 

can only work on the iPhone. The authors argue that they 

have chosen the iPhone because it has the most 

standardized hardware of the available smartphone 

platforms. However, it limits the use of BiliCam for a 

large portion of people who do not access Apple 

smartphones. Hence, designing a phone-agnostic 

application is required to overcome this issue. It can be 

achieved by increasing the number of training samples, 

improving the feature extraction, and selecting the most 

suitable learning algorithms.  

A neonatal jaundice detection system has been 

proposed by Aydın et al. uses advanced image 

segmentation with support-vector regression (SVR) [22] 

and k nearest neighbors (kNN) [23] machine learning 

regressions on a dataset consisting of 40 healthy and 40 

jaundiced babies' images taken from baby's abdomen 

[24]. They have not reported any smartphone 

application for their proposed method. neoSCB [25] 

uses a color measurement of the sclera to make a 

screening decision based on 87 samples from a clinical 

setting in Ghana. Outlaw et al. [26] have used the sclera 

to screen jaundice. They have discussed that the sclera 

is free from the melanin and hemoglobin chromophores 

found in the skin, so its color provides a more direct 

indication of the TSB. However, they manually select a 

region of interest (ROI) in the sclera and process it. 

BiliScreen [27] is a smartphone application that takes 

pictures of the eye and estimates the person's bilirubin 

level for early detection of Pancreatic cancer. Aune et al. 

[28] have reported the results of bilirubin measurement 

on 302 full-term, normal-weight infants and compared 

them with a digital image recognition software used to 

estimate the value of bilirubin. They have not proposed 

the engineering details of their image-processing 

approach. Compared to their study, we propose a larger 

dataset including 446 samples along with a new image 

processing approach tuned to measure bilirubin. We 

introduce a new application, BiliBin, for neonatal 

jaundice estimation, which works on any smartphone 

with a pretty high-quality camera.  

There are other active research areas in vision-based 

health sensing, including automated point-of-care 

diagnostics [29], [30], where visual analysis of test 
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results from blood or urine samples on specialized 

materials is required, portable eye examination [31], and 

visual impairment recognition in children [32]. The 

common denominator of all these applications is image 

processing techniques, primarily relying on machine 

learning algorithms for reporting final human-readable 

results. Deep learning techniques [33] dramatically 

outperform conventional machine learning algorithms, 

specifically image processing and machine vision 

algorithms. For instance, convolutional neural networks 

(CNNs) have been used for human activity recognition 

with smartphone sensors [34], [35].  

Despite their high capacity to learn difficult 

problems, deep learning approaches have been solely 

used in vision-based health sensing with a smartphone. 

A recent study can only classify images into two classes, 

jaundice, and non-jaundice [36], which is not suitable 

for use in practice. Indeed, there are two challenges with 

using deep learning approaches. The first is that they 

require many training samples to train adequately, 

which are not accessible for most applications, 

specifically in medical applications, where data 

collection is a time-consuming and expensive process, 

even restricted by privacy laws [37]. The second reason 

is that their learning process is computationally 

intensive [38], and for example, it cannot be performed 

on smartphones. Therefore, creating an application for 

collecting data and processing them on cloud platforms 

helps address the aforementioned challenges. Our 

jaundice monitoring application, BiliBin, also provides 

a data collection module and application programming 

interface (API) to connect to the cloud, enabling us to 

use deep learning techniques. 

3 Methodology  

Our proposed method operations consist of four steps: 

data collection, data preprocessing, feature extraction, 

and jaundice estimation using machine learning 

regression. Figure 1 illustrates BiliBin operations. In the 

following subsections, we describe each step in detail. 

 

Figure 1. BiliBin operations. 

3.1 Data collection 

The data collection process was conducted at four 

hospitals in Iran (Tehran, Qom, Jahrom, and Lamard). 

After the approval of the joint proposal with the Tehran 

University of Medical Sciences, the relevant licenses 

were obtained. One of our researchers referred to these 

sites and obtained the approval of one or more samplers 

from each center and gave them the necessary training. 

Newborns who were referred to the medical center for 

jaundice and had admission requirements were selected. 

The parents' consent to participate in the research was 

obtained through clear and complete explanations to the 

parents of selected infants. The most important criteria 

for entering the study included newborns who were 

healthy and had not received phototherapy in the past 24 

hours. Criteria for leaving the study included parents' 

reluctance to continue collaborating, loss of essential 

data, and photos that lacked the quality needed for 

analysis.  

The blood of these newborns was taken by medical 

staff to measure bilirubin according to the routine 

method (blood sampling of the newborn's veins or soles 

of the feet). The sampler then used a specific mobile 

application designed for imaging within a few minutes 

after blood sampling and takes photos from the 

newborn's sternum skin. The pre-designed calibrated 

paper was placed on the lower part of the sternum 

without bending. The smartphone camera was held 

without an angle, at a suitable distance from the baby, 

and four clear photos were taken from this area: two 

photos without flash and two photos with flash.  

After the successful uploading of photos, a complete 

set of additional information related to the newborns, 

including birth week, age, weight, gender, as well as 

Input image  Calibration card and kids' body 
segmentation

Color 
calibration

Feature 
vector

Jaundice 
estimation
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maternal age, type of delivery, type of breastfeeding, 

and city of birth, were recorded in this system. Such 

additional metadata can be used in further analysis of 

jaundice. During two years, 493 successful newborn 

registrations were recorded within the system, 446 of 

which had the necessary quality to enter the study and 

use in subsequent analysis. 

3.2 Data preprocessing 

Before the data samples (i.e., the photos taken from 

newborns' sternum skins) can be fed to the machine 

learning models, each sample must be preprocessed and 

converted to a vector of numerical features. The 

preprocessing operations are shown in step 2 of  Figure 

1. Sections 3.2.1 and 3.2.2 describe details of the 

preprocessing operations.  

3.2.1 Identifying the coordination of the 

calibration card and the newborn's body 

The calibration card designed for use with BiliBin is 

shown in Figure 2. It is worth noting that we come to 

this colored pattern experimentally and there is no 

standard in designing the calibration card. The card 

consists of 12 small-colored squares that are placed 

around a large empty square (related to the newborn's 

body). Colors used in this card are selected in such a way 

that every two adjacent squares have a significant color 

difference, which allows color-based image 

segmentation algorithms to distinguish these squares 

with good quality. An example of the segmentation task 

is shown in Figure 3. A graph-based image segmentation 

algorithm is used in our design.  

 

Figure 2. BiliBin calibration card. 

  

Figure 3. Graph-based image segmentation. (a) original image, (b) the output of the segmentation algorithm, (c) removing non-square 

segments. 

The segmentation algorithm's output is a large 

number of areas, most of which are not related to the 

calibration card (Figure 3.b). Non-square areas are 

discarded to reduce the number of areas for further 

processing. As can be observed in Figure 3.c, using this 

idea, only two false-positive squares remained such that 

one of them is related to the newborn's body image. 

After identifying the square segments in the image, it is 

necessary to identify the calibration card's 

corresponding segments by considering its geometric 

characteristics. Segments of the calibration card may not 

be detected correctly in the image due to poor lighting 

conditions and light reflection. Twelve squares on the 

card are divided into four groups of three segments; each 

one contains a corner square and two adjacent squares to 

address this problem. For instance, the red, cyan, and 

white segments (at the top left corner of the card) form 

a group. Recognition of areas related to the card begins 

with the detection of one of these four groups. 

The center of the obtained segments is used to 

identify a group. The two neighbor centers with the 

shortest distances are identified for each center, and then 

the angle between the lines obtained from these three 

centers is calculated. If this angle is close to 90 degrees, 

these three segments are considered as a group. Figure 4 

illustrates the result of this algorithm on two samples, 
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which confirms the successful performance of the 

proposed algorithm. 

    

Figure 4. The result of detecting triplet groups on two 

images. 

After identifying all triplet groups in the image, it is 

necessary to determine to which corner of the calibration 

card each group belongs. The color of the calibration 

card segments is used to perform this distinguishing. 

The first corner of the calibration card is the top left 

corner containing red, cyan, and white colors. The 

following three criteria are defined to specify the 

corresponding colors forming this corner: 

𝑟 = 𝑅 −max(𝐺, 𝐵)   (1) 

𝑐 = min⁡(𝐺, 𝐵) − 𝑅   (2) 

𝑤 = 1 −
max(𝑅,𝐺,𝐵)−min(𝑅,𝐺,𝐵)

max(𝑅,𝐺,𝐵)+min(𝑅,𝐺,𝐵)
  (3) 

In Equation 1, 𝑟 determines the redness of a color, 

which is equal to the difference between the value of the 

red channel (𝑅) and the maximum value of the green and 

blue channels. Ideally, the red color equals [1, 0, 0], and 

therefore the maximum value for 𝑟 is one. The minimum 

value for 𝑟 is −1. Criterion 𝑐 in Equation 2 determines 

the cyan level of the color, which equals [0, 1, 1] for 

pure cyan color. Criterion 𝑤 in Equation 3 determines 

the whiteness of a color. In pure white color, all three 

channels are one, and therefore, the maximum and 

minimum values of this color are equal. The sum of 

these three criteria is calculated for all the groups. The 

segments of the calibration card have a predefined order, 

and for each segment, the color criterion of that segment 

is computed. The group with the maximum value of 𝑐⁡ +

⁡𝑟⁡ + ⁡𝑤 is selected as the first corner. However, the 

value of this expression must be greater than a threshold 

to be considered a correct detection. If no groups can 

satisfy this condition, the above steps are repeated for 

the next corners. An image in which none of the corners 

are correctly identified will be omitted at this step. 

In the previous step, one of the corners of the 

calibration card (which is equivalent to three segments) 

is identified. The calibration geometry features of the 

calibration card are used to identify the remaining nine 

segments. The centers of the first three identified 

segments are used to estimate the center of the fourth 

valid segment. Then, the segment whose center is 

closest to the estimated center is selected as the fourth 

segment. The center of the fifth segment is estimated 

based on the center of previous segments, and the above 

process will be repeated until all segments are identified. 

The proposed algorithm for detecting the segments of a 

given image is shown in Figure 5.  

It is worth noting that in Figure 5, the border widths 

and border colors are not important. The color is only 

used to distinguish the identified segments by the 

segmentation algorithm. Identified segments are marked 

with green borders, unidentified segments are marked 

with red borders, and the segment that has the most 

overlap with the predicted center is marked with a blue 

border and a dot indicating the predicted center in that 

step. 

 

Figure 5. Steps to identify calibration card segments. 

It is possible that some of the squares inside the 

calibration card failed to detect in the segmentation step. 

Figure 6.a illustrates an example of this condition. If the 

number of not detected squares is more than four, the 

input image will be excluded from further processing. 

Otherwise, using the calibration card's geometry and the 

adjacent segments, these squares can be interpolated, 

shown in Figure 6.b. 

(a) (b)
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Figure 6. Interpolating segments that are not detected. (a) 

detected segments of the calibration card, (b) interpolating 

missing segments. 

After identifying the segments of the calibration 

card, the segment that belongs to the newborn's body, 

i.e., the large square in the center of the card, can be 

easily estimated. Since the areas close to the border of 

this square may be erroneous due to unwanted shadows 

and lights, 20% of the image is removed on each side. 

The remaining square is cropped as a body area and 

converted to an image with a size of 100⁡ × ⁡100 pixels 

to be used in the subsequent steps. Figure 7 shows 

samples of newborns' images along with the final 

segments of their bodies. 

 

Figure 7. Examples of cropped newborns' bodies. First row: 

original images with the identified segment of the body; 

second row: the cropped areas; third row: the calibrated 

areas. 

3.2.2  Body-color calibration 

Skin color is used to determine the extent of the 

newborn's jaundice. The color recorded by the camera 

for the skin and the actual color of the newborn's skin 

depends on other variables such as the amount of 

ambient light and the camera's technical features, which 

can be observed in Figure 7. For this reason, it is 

necessary to reduce the effect of other variables from the 

image as much as possible before it can be used in the 

jaundice estimation algorithm. A calibration card, 

whose segmentation and detection were discussed in 

Section 3.3.1, is placed on the newborn's body. 

However, the lighting conditions and the camera's 

quality also affect the colors recorded within segments 

of the calibration card. By knowing the correct values of 

the colors on the calibration card segments, the effects 

of other variables can be modeled to some extent and 

removed from the image. 

Experiments in this work and the results reported in 

related work show that sophisticated modeling has failed 

to improve the jaundice estimation accuracy. Similar to 

[10], [11], the proposed method utilizes white color 

balancing to calibrate the skin color. In this method, the 

amount of white color is extracted from the image, and 

calibration is performed based on this value. There are 

four white segments on our calibration card. Since some 

segments may be noisy, these four areas are sorted by 

light intensity. Then, the brightest and darkest white 

segments are left out, and the average white color value 

of the other two segments is calculated as the white color 

value recorded by the camera. The color of the 

newborn's skin pixels is calibrated using the following 

equation: 

[
𝑅
𝐺
𝐵
] = [

1 𝑅𝑤
′⁄ 0 0

0 1 𝐺𝑤
′⁄ 0

0 0 1 𝐵𝑤
′⁄
] [
𝑅′

𝐺′

𝐵′

] (4) 

where (𝑅′, 𝐺′, 𝐵′) is the color of a raw pixel, 

(𝑅𝑤
′ , 𝐺𝑤

′ , 𝐵𝑤
′ ) is the raw white color in the original 

picture, and vector (𝑅, 𝐺, 𝐵) is the value of the calibrated 

color. After this processing, the white color in the image 

becomes (1,1,1). The third row of Figure 7 illustrates 

examples of the effect of white balancing using the 

proposed method. 

3.3 Feature extraction 

The previous steps resulted in two 100⁡ × ⁡100 images 

with calibrated colors of the newborn's body: One image 

with flash and one without flash. Since newborns' skins 

color are different, the effect of bilirubin level 

discoloration on their skins are also different, and it is 

not possible to get a simple relationship between the 

values of (𝑅, 𝐺, 𝐵) vector and the bilirubin level. 

Besides, there may be disturbing factors in the images, 

such as the newborn's blood vessels, making it difficult 

to calculate (𝑅, 𝐺, 𝐵) for each newborn correctly. 

According to these arguments, it is necessary to extract 

more suitable features from these images, discussed in 

(a) (b)
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2
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this section. 

Color spaces. RGB space is not only the best color 

space for measuring a newborn's jaundice from the skin 

color. HSV, YCbCr, and LAB color spaces have been 

used in addition to RGB color space when extracting 

statistical features.  

Statistical characteristics. For each pixel of the image, 

12 numerical values are calculated (3 channels in 4 

different color spaces). The mean and standard deviation 

of each channel is then calculated as two statistical 

features, which result in 24 features. Besides these two 

features, the median of each pixel is also computed as 

the third statistical feature. The advantage of the median 

over the mean is that it is robust to outliers. If a portion 

of the pixels in the newborn's body area have different 

colors due to the poor lighting conditions or the presence 

of blood vessels, they cannot change the median. 
Image gradient. Skin surface roughness can be a proper 

criterion for diagnosing jaundice. The amount of local 

variation of each pixel compared to its neighborhood is 

calculated using the gradient operator. Then, the median 

of the gradient values in the whole image is calculated 

as a new feature. 

Combine two images. As mentioned, at least one image 

with flash and one without flash are recorded for each 

newborn. The combination of statistical features of these 

two images can help diagnose jaundice. For this reason, 

in addition to the 74 features of the two images, the ratio 

of the features of the two images is calculated as 37 

features, and a total of 111 features are extracted from 

the pair images. 

3.4 Jaundice estimation  

The output of Section 3.2 is 111 distinguishing features 

for each pair of images of each newborn. Collecting 

many images with known bilirubin levels (used as data 

labels) is necessary to estimate neonatal jaundice from 

extracted features. We discussed the process of data 

collection in Section 3.1. The mapping between features 

and the amount of jaundice can be learned through 

regression algorithms. Various regression models can be 

used depending on the number of training data and the 

complexity of the problem. We trained different 

regression algorithms on our dataset, including but not 

limited to kNN [23], SVR [22], Random Forest [39], and 

Bayesian regression [40], to find the best algorithm for 

predicting bilirubin levels. Finally, Gaussian process 

regression (GPR) [41] was selected as the best algorithm 

based on evaluation metrics discussed in the following 

subsection. GPR calculates the probability distribution 

over all admissible functions that fit the data. It has 

several benefits, such as working well on small datasets, 

with few numbers of features, and having the ability to 

provide uncertainty measurements on the predictions. 

We, therefore, will only report the result of the best 

model in the evaluation section. 

3.5 Evaluation process and metrics 

The 𝑘-fold cross-validation method is applied to 

evaluate the efficiency of the proposed algorithms. In 

this method, the data set is divided into k groups, and 𝑘 

experiments are performed. At each experiment, one 

group's data is used to evaluate the model, and the rest 

of the data is used to train the model. After all of the 

experiments have been performed, the predicted values 

are stored in a vector, 𝑝, to compare with the vector, 𝑡, 

containing the actual value for each sample. We report 

various metrics that are available for evaluating 

regression models. Root mean squared error (RMSE) 

and mean absolute error (MAE) are respectively defined 

by Equation 5 and Equation 6. 

 𝑅𝑀𝑆𝐸 = √
1

𝑁
∑ (𝑝𝑛 − 𝑡𝑛)

2𝑁
𝑛=1     (5) 

𝑀𝐴𝐸 =
1

𝑁
∑ |𝑝𝑛 − 𝑡𝑛|
𝑁
𝑛=1    (6) 

where 𝑁 is the number of samples in the test set. The 

normalized correlation coefficient between the predicted 

values, 𝑝𝑛’s, and the target values, 𝑡𝑛’s, is also used as 

an appropriate metric for evaluating regression 

algorithms, which can be calculated using Equation (7). 

𝜌 =
∑ (𝑝𝑛−𝑝̅)(𝑡𝑛−𝑡̅)
𝑁
𝑛=1

√∑ (𝑝𝑛−𝑝̅)
2𝑁

𝑛=1 ∑ (𝑡𝑛−𝑡̅)
2𝑁

𝑛=1

  (7) 

The rank correlation coefficient is similar to the 

normalized correlation coefficient, but instead of using 

the values 𝑝 and⁡𝑡, it uses their rank. The vectors 𝑝 and 

𝑡 are arranged in ascending order to compute the rank 

correlation coefficient. Then, the correlation is 

calculated between the ranks instead of the values. 

4 Experiments and Results 

We first report the result of the data collection, described 

in Section 3.1. Then, we evaluate the performance of 

Gaussian process regression [36] on the collected 

dataset by comparing the predicted value of bilirubin for 

each sample with its grand-truth value obtained by blood 

sampling. 
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4.1 Dataset 

Table 1 shows the data obtained from each medical 

center (C1 to C4) by gender. The histogram diagram of 

weights and TSB values of the collected datasets are 

shown in  Figure 8. As can be observed, the recorded 

TSB values are in the range of 1.7 mg/dl to 19.9 mg/dl, 

but most of the TSB values are around 10 mg/dl (10.3 ± 

3.2 mg/dl). According to the literature [42], healthy 

adults have a total serum bilirubin (TSB) level of less 

than 1 mg/dL. In neonates, normal TSB levels are 

comparatively higher, with age-dependant levels. 

Healthy, full-term newborns typically have peak serum 

bilirubin concentrations of 5 to 6 mg/dL compared to 

adult levels of < 1 mg/dL. Severe hyperbilirubinemia is 

commonly defined as a TSB>25 mg/dL and it occurs in 

approximately 1 out of 2500 live births [42].

 

 

(a) 

 

 

(b) 

Figure 8: Histogram of weights and TSB values in the dataset. 

 

Table 1. Number of samples in each hospital or medical center. 

 Medical center 

All 
C1: Jahrom 

(Motahari 

Hospital) 
C2: Lamard 

(Valiasr Hospital) 

C3: Tehran  

(Children's Medical 

Center) 

C4: Qom  

(Bouali Medical 

Laboratory) 

Samples 
Male 37 14 165 17 233 

Female 35 9 154 15 213 

Total 72 23 319 32 446 

 

 

4.2 Model evaluation 

Table 2 shows the results of the Gaussian process 

regression in terms of evaluation metrics discussed in 

Section 3.4. The following results are observed: 

 The mean error in centers C1, C2, and C4 is 

negative. In other words, we have 

underestimated the bilirubin, and the estimated 

values are a little less than the actual values on 

average. On the other hand, the mean error is 

positive for center C3. In other words, we have 

overestimated in this center, and the estimated 

values are slightly higher than the actual values, 

on average. This observation reveals that the 

equipment in these centers is somewhat different 

from each other. 

 In total, our model can predict the bilirubin level 

with an RMSE of 2.280 mg/dl, MAE of 1.807 

mg/dl, and correlation of 70.1%, which shows 

promising results regarding the applicability of 

the BiliBin level for use in practice. The achieved 

correlation is comparable with state-of-the-art 

works [10], [11] on our newly collected dataset. 

Adding more training samples by enlarging the 

dataset can improve the model performance, and 

we are planning to perform it in our future works. 

We are concerned about the absolute value of 

TSB. A threshold is then applied to indicate 

whether the subject should be considered healthy 

or not. 
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Table 2. Result of the regression model. 

Center 

RMSE 

(mg/dl) 

MAE 

(mg/dl) 
Corr. 

Rank 

corr. 

Most negative 

difference 

(mg/dl) 

Most positive 

difference 

(mg/dl) 

Mean of 

difference 

(mg/dl) 

Deviation standard 

of difference  

(mg/dl) 

C1 2.206 1.765 0.703 0.708 -5.154 4.872 -0.376 2.189 

C2 2.495 2.056 0.466 0.470 -4.849 5.153 -0.863 2.393 

C3 2.258 1.777 0.718 0.688 -5.645 5.626 0.198 2.253 

C4 2.491 2.030 0.641 0.607 -5.261 4.671 -0.495 2.481 

All 2.280 1.807 0.701 0.678 -5.645 5.626 0.001 2.283 

 

4.3 Predicting bilirubin levels 

Figure 9.a illustrates a scatter plot of BiliBin prediction 

of bilirubin levels compared to the TSB values. Figure 

9.b illustrates a modified Bland-Altman plot [43], where 

residual (𝐵𝑖𝑙𝑖𝐵𝑖𝑛– 𝑇𝑆𝐵) is plotted against the TSB as 

the ground-truth. As can be observed, the residuals are 

highly correlated by the TSB values. In other words, we 

usually overestimate the small TSB values while we 

underestimate the large TSB values. As described in 

Section 4.1, only a small fraction of the collected 

samples have small or large amounts of TSB, and most 

of them are around 10.3 mg/dl. 

The current results are based on data from four 

hospitals, which might have controlled environments 

and standardized procedures. Home settings can vary 

significantly, which could affect the app's performance. 

Factors such as lighting conditions, the quality of the 

smartphone camera, and user proficiency can influence 

the accuracy of the app. While the current results are 

promising, replicating them in a home setting requires 

careful consideration of various factors. With proper 

training, continuous validation, and complementary 

tools, our application has the potential to be an effective 

tool for home-based jaundice diagnosis. 

   
(a) 

 

(b) 

Figure 9: Estimated bilirubin level vs. the TSB values. 

5 Conclusion 

It is possible to estimate the bilirubin level from 

newborns' skin images and predict the risk of neonatal 

jaundice. Our proposed tool, BiliBin, is a smartphone 

application to monitor the newborn's jaundice non-

invasively with a minimum cost. Bilibin, trained on 446 

data samples, predicts the bilirubin level with a mean 

absolute error of 1.807 mg/dl and a correlation of 0.701 

compared to the bilirubin level measured by TSB values. 

BiliBin's design goal is to be simply used at home by the 

newborn's parents as an early jaundice screening tool 

instead of a visual assessment, which requires 

experienced healthcare providers. We believe that it is 

more acceptable to have a false-positive alarm than a 

false-negative one that misses a case with potentially 

high bilirubin. Therefore, it can be replaced with a 

transcutaneous bilirubinometer (TcB) at outpatient 

clinics. The mean absolute error of BiliBin can be 

enhanced by providing more data samples (especially 

with small or large TSB values) and utilizing new 

learning methods for regression. In future work, we are 

planning to use a convolutional neural network (CNN) 
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[44] on a larger dataset to improve the performance of 

BiliBin. It is also recommended to consider more 

healthy subjects along with unhealthy ones to 

distinguish among them and also consider more subjects 

with a variety of skin colors to further generalize the 

proposed application. 
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