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Abstract: The application of artificial intelligence in the medical field is indispensable for providing optimum results. 
Conventional X-ray imaging is the fastest, most common and least expensive diagnostic imaging system 
available. However, an effective X-ray examination depends on the range of radiation given to the subject. 
The radiation from an X-ray primarily depends upon X-ray tube current (mA), tube voltage (kVp) and 
exposure time(s); these parameters define the dosage. X-ray radiation has a negative impact on the human 
body; this danger is not visible, but X-ray radiation can damage human cell tissue. This work aims to explore 
and analyze X-ray exposure parameter levels to the thorax with an artificial neural network, which helps to 
diagnose exposure of the tissue that is being irradiated. By entering distance, weight and height into the 
software, radiographers will get the optimum exposure factor settings for the patients’ thorax. The subjectivity 
of exposure factor settings from radiographers can be objective, and optimum exposure settings for patients 
can result in lower radiation with a good, detailed image, thereby reducing the impact of X-ray radiation. 

1 BACKGROUND 

A radiograph from X-ray imaging is produced based 
on the suitability of the exposure factor chosen by a 
radiographer. The exposure factor is chosen based on 
the region of examination, the patient's body weight, 
projection position, distance from X-ray to the patient 
and the patient's physical condition (Carlton et al., 
2019). If the value of the exposure factor is too high 
or too low, the radiograph will yield a shadow, which 
has no diagnostic information, and the inappropriate 
exposure factor also triggers a high radiation value. In 
other words, the image on X-ray film will be over-
bright or over-dark, making it difficult to read by a 
doctor and giving the effects of excessive radiation to 
the patient (Gois et al., 2019). 

The value of the exposure factor can be seen by 
the state of the patient; underweight patients and 
overweight patients have different exposure factor 
settings. Because of the differing patient surface 
areas, radiographers need to ensure that the value of 
the exposure factor is a match to the patient. Every X-
ray device and every radiographer needs to have clear 
parameters for overweight or underweight patients; 
this makes the settings of exposure factor subjective 
by the radiographer itself (Elster, 2010). 

Exposure factor calculation using fuzzy logic has 
been developed by Santoso et al., (2016). Fuzzy logic 
succeeded in calculating the optimum exposure 
factor. Instead of using fuzzy logic, however, we 
employed the use of an artificial neural network. 
Therefore, the aim of this work is to explore and 
analyse X-ray exposure parameter levels to the thorax 
with an artificial neural network, which helps to 
diagnose exposure of the tissue being irradiated. 

2 METHOD 

2.1 Exposure Factor 

A good image depends on the exposure factor. Image 
quality also represents the amount of radiation 
received by the patient during the imaging technique. 
Three main factors that determine the image quality 
are the kilovolt potential (kVp), which controls the 
penetrating power of the X-ray; the milliampere 
(mA), which controls the number of X-rays; and the 
exposure time (S), which controls the duration of 
exposure (Hiswara, 2002). These combinations will 
decide the contrast sensitivity, detail and noise of the 
radiograph. Variables from imaging techniques must 
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be precise so the radiograph from X-ray imaging 
yields a good image with minimum radiation; this 
also decreases the risk of X-rays radiation 
(Lampignano and Bontrager, 2014). 

2.1.1 Kilo Volt Potential 

Energy from X-rays is controlled by a voltage 
regulator. The potential difference setting usually has 
the keV (kilo electron volt) or kVp (kilo Volt 
potential) label. These are the important parts that 
regulate the potential difference between anode and 
cathode. The higher value of the potential difference, 
the more energy is produced by X-rays (Omura, 
2018). The high energy produced is contrary to the 
contrast of the radiograph—the higher the energy, the 
lower the image contrast. 

2.1.2 Milliampere 

Besides the potential difference, the current also 
influences the imaging technique. This setting has the 
label mA (milliampere); this represents how much 
filament flows. The higher value of the mA (the tool 
will get hotter) that is flowed through the filament, the 
more electrons available in the ‘space charge’ to 
accelerate through the target; the result is a high flux 
of photons when energy flows. The effect of the 
current is quite linear. To duplicate X-rays from the 
tube, it can be done by doubling the previous tube 
current settings. Changing the amount of current will 
affect the blackness of the radiograph but it doesn’t 
affect the contrast (Plaats, 1965). 

2.1.3 Exposure Time 

The final setting is the exposure time. With the s 
(second) label, the exposure time is often associated 
with regulating the tube current. The combination of 
current and exposure time is often called mAs, or 
milliAmpere second. For example, a 100-mA current 
setting and a 0.5 s exposure time is the same as 50 
mAs, as is a 50-mA current and 1 s exposure time; the 
result is the same: 50 mAs. The combination of these 
two factors is directly proportional to the effect on the 
film (Sari and Fransiska, 2018). To produce a darker 
radiograph, the value of mAs must be increased; and 
to produce a brighter image, the value of mAs must 
be reduced. 

2.2 Body Mass Index 

BMI is a comparison between weight and squared 
height. The method of measurement is to measure his 

weight and height. Then the BMI can be calculated 
by: 

BMI = (weight (kg)) / (height (m)) ^ 2 

To determine the nutritional status of children 
under five years of age (0–60 months) and children 
aged 5–19 years, the BMI value should be compared 
with the standard BMI value according to the 
Republic of Indonesia’s Ministry of Health (2010). At 
this time, the index is most often stated with Z-scores 
or percentiles. Theoretically, the Z-score can be 
calculated in the following way: 

Z Score
BMI Mean of BMI from reference
Standard Deviation from reference

 

Classification is distinguished in the 0–60-month 
age group and also in the 5–18-year age group 
(Munish, 2015). Classification of BMI for ages 0–60 
months is presented in Table 1, while BMI 
classification for children aged 5–18 years is 
presented in Table 2. 

Table 1: BMI for newborn baby 0–60 months. 

Category Z-score value 

Abnormal Z-score < -3 

Underweight -3 ≤ Z-score < -2 

Ideal -2 ≤ Z-score < 2 

Overweight 2 ≤ Z-score < 3 

Obese Z-score ≥ 3 

Table 2: BMI for kids/teenagers 5–18 years old. 

Category Z-score value 

Abnormal Z-score < -3 

Underweight -3 ≤ Z-score < -2 

Ideal -2 ≤ Z-score < 2 

Overweight 2 ≤ Z-score < 3 

Obese Z-score ≥ 3 

In adults, measurement of nutritional status is 
done by using body mass index (BMI). BMI 
calculation is the same as above. The results are 
compared with the BMI threshold values according to 
the Indonesian Ministry of Health, and the boundary 
values are presented in Table 3. In adults the age 
factor is not considered when calculating BMI, 
because the height is usually relatively stable, so 
variations only occur in body weight (Baş Mor, 
2018). 
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Table 3: BMI for adults. 

Category BMI value 

Abnormal BMI < 17.0 

Underweight 17.0 ≤ BMI < 18.5 

Ideal 18.5 ≤ BMI < 25.0 

Overweight 25.0 ≤ BMI < 27.0 

Obese BMI ≥ 27.0 

2.3 Linear Neural Network 

A linear network can only solve linearly separable 
problems since its transfer function is linear. This 
allows their outputs to take on any value. 

 
Figure 1: Layer in Neural Network. 

Like the human brain, nerve tissue also consists of 
several neurons, and there are connections between 
these neurons. Figure 1 shows the structure of 
neurons in which neurons will transform information 
received through the output connection to other 
neurons. 

By using the function newlind in Matlab toolbox 
as follows: 

Net = newlind (P, T) 

This returns a linear layer designed to output T 
given input P (MathWorks, 2019). 

This reference data was obtained from 
Conventional X-rays device kVp and mAs sheet in a 
hospital, thus the data will be used as an input (P) for 
artificial neural network. 

 
 
 
 

Table 4: Exposure Factor for Thorax in Neural Network. 

Age 
Proje
ction 

Exposure Factor 

Abnor
mal 

Under
weigh
t 

Ideal 
Over
weig
ht 

Obese 

kV/m
AS  

kV/m
AS  

kV/m
AS  

kV/m
AS  

kV/m
AS 

Newborn 
baby 

AP  55/2 

(0–2 y) LAT  55/2.5 

Baby AP  55/2.5 

(2–5 y) LAT  55/3 

Kids/Teen
ager 

AP  51/4 53/4 55/4 57/4 59/4 

(5–18 y) LAT  61/4 63/4 65/4 67/4 69/4 

Adults AP  61/16 63/16 65/16 67/16 69/16 

(> 18 y) LAT  71/20 73/20 75/20 77/20 79/20 

3 RESULTS 

Without using loss function and optimizer in the 
training of the linear neural network, the 
determination of X-rays that come out for overweight 
patients and with underweight patients is different. 
Overweight patients require higher doses because of 
the larger surface area and density of the body. 
Likewise, underweight patients will require a lower 
dose because of smaller surface area and body 
density. 

To obtain a good-image quality, optimal X-ray 
output settings are needed with the patient because 
the higher the X-ray output settings, the greater the 
dose received by patients.  

4 CONCLUSIONS 

An artificial neural network program can be used to 
determine the thorax exposure factor in the 
conventional X-ray devices. By entering body weight 
and body height, this program calculates the optimum 
value of exposure factors that can be used to the 
patient. 

The output of this program is the value of kVp and 
mAs. Compared to the reference, the value of kVp 
and mAs is under the predetermined range, which 
means the software can determine the optimum 
exposure factor. Optimum exposure factors yield a 
minimum dose of radiation and good image quality. 
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Figure 2: Thorax AP Graph. 

 

Figure 4: Thorax AP. 
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