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ABSTRACT 
'Computed Tomography' (CT) is expected to play a crucial role in the field of medical imaging in the future, and 
combining CT with other imaging techniques, such as PET (molecular imaging), is a key aspect of the development of 
medical imaging. Computed Tomography (CT) started in the 1970s as a manual process involving single-slice scanning 
and evolved into automated multi-slice systems by the 1990s. Today, artificial intelligence is used for faster acquisition 
of scan, reduce radiation exposure, and improve image processing.  Although diagnostic CT scans offer multiple benefits, 
evidence points to radiation-induced risks and Radiation can damage the DNA present in reproductive cells (such as 
sperm or eggs), which is linked to human genetics., underscoring the importance of optimizing radiation doses. This 
study focused on the fundamental aspects of computed tomography that influence radiation exposure and to explore 
the potential of automation and artificial intelligence in radiation dose optimization, this study evaluated a constant-
reference X-ray tube current—alongside automated radiation exposure modulation strategies. constant-reference X-
ray tube current and time product provides uniform radiation exposure if used without automatic modulation of the X-
ray tube current and also serves as the baseline mAs during automatic modulation at various energy settings. In this 
study, patients were categorized into different groups based on their BMI. To evaluate the effectiveness and limitations 
of automotive modulation versus non-automative uniform exposure techniques, comparisons were made regarding key 
facets influencing radiation dose exposure (such as kVp and mAs). Finally, the use and future prospects of automatic 
methods (including artificial intelligence) for optimizing radiation doses in computed tomography were assessed. 
 
Keywords:  Computed Tomography (CT); Radiation Dose Optimization; Automatic Exposure Control (AEC); Artificial 
Intelligence (AI); X-ray Tube Current Modulation; BMI-Based Dose Optimization 

 
1. INTRODUCTION 
1.1Computed tomography 
A CT scan uses X-rays to create detailed images of body parts or sections of the body. These images are 
produced by measuring the attenuation in the intensity of X-rays as they pass through the body. Computer then 
uses this information to generate clear, cross-sectional views of the internal structures of the organ being 
studied [1]. Since the advent of Computed Tomography (CT), there have been numerous improvements in CT 
technology—encompassing both the hardware and the supporting software. Computed Tomography (CT) 
started in the 1970s as a manual process involving single-slice scanning and evolved into automated multi-slice 
systems by the 1990s. Today, artificial intelligence is used for faster acquisition of scan, reduce radiation 
exposure. Now, Computed tomography imaging is considered fast, detailed, and precise for imaging the body's 
internal structures. It has become a versatile tool used in various medical fields—such as emergency medicine, 
oncology, cardiology, neurology, and surgery—playing a vital role in patient care and combining CT with other 
imaging techniques, such as PET (molecular imaging), is a key aspect of the development of medical imaging.  
 
1.2Advances in radiation exposure techniques 
with advancements in computed tomography and involvement of multi-slice technique this modality 
developed as fast, detailed, and precise for imaging the cross-sectional imaging of body's internal structures. 
In the early 2000s, the use of 'Automatic Exposure Control' (AEC)—also known as 'Automatic Tube Current 
Modulation'—emerged, primarily in Computed Tomography (CT) scanning; this technique was developed to 
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optimize radiation exposure while maintaining image quality [12]. Older CT machines relied on 'continuous 
exposure' techniques (such as constant tube current with fixed kVp) throughout the entire scan; this approach 
did not take into account the patient's size or the extent of X-ray attenuation caused by body tissues [13]. The 
use of automated exposure control technologies claims toreduce radiation exposure compared to 
fixed tube current settings [2]. AECs utilize vertical Z-axis modulation and angular X-Y axis rotational 
modulation. This depends to a significant extent on the noise index values pre-determined by the manufacturer, 
which are linked to a standard reference figure or reference mAs pre-determined by manufacturers. 'Automatic 
Exposure Control' (AEC) adjusts the tube current (mA and mAs) as needed, based on this 'reference mAs' (or 
quality-related reference level) pre-set by the manufacturer [14]. This 'Reference mA' provides consistent 
exposure if used without automatic modulation. The introduction of AI (Artificial intelligence) Algorithms in 
radiation exposure control strategies can further improve the automated exposure control techniques [3][4]. 
 
1.3Prime radiation exposure factors in CT 
The prime factors influencing radiation exposure in a Computed Tomography (CT) scan are milliampere (mA), 
kilovoltage peak (kVp), and exposure time. Among these, mA and time are commonly combined; thus, the most 
significant factors are 'mAs' and 'kVp'. Kilovoltage peak (kVp) controls the penetrating power of the X-ray 
beam, while the current in milliamperes (mAs) determines the radiation intensity of the generated X-ray 
photons. These factors directly influence the way a patient is exposed to radiation and, consequently, the 
quality of the CT scan image. To reduce patient radiation exposure, scanner manufacturers have incorporated 
various automated methods and artificial intelligence to optimize the radiation dose. These methods 
automatically adjust the tube voltage (kVp) and tube current (mAs) and control the radiation dose based on 
the patient's 'scout image' [5]. At the same time, these techniques maintain the quality of the resulting 
diagnostic images, and it is claimed that their use leads to a significant reduction in radiation dose. 
 
1.4Radiation dose management principles 
Optimizing the radiation dose helps strike the right balance between obtaining the necessary diagnostic images 
using minimal radiation and protecting patients from unnecessary radiation exposure. Strategies such as the 
'As Low As Reasonably Achievable' (ALARA) principle, new technology, and quality checks are employed to 
keep radiation doses as low as possible while ensuring the required quality of medical images. Evidence 
indicates that exposure to radiation levels exceeding certain limits for a prolonged period carries a 1 in 1,000 
risk of developing fatal cancer during a person's lifetime [6]. The International Commission on Radiological 
Protection (ICRP) has established guidelines regarding safe radiation exposure for healthcare workers during 
their work, but these guidelines do not apply to patients. The recommended safe level is 20 millisieverts per 
year over a maximum period of five years, provided that radiation exposure in any single year does not exceed 
50 millisieverts [7] 
 
1.5Artificial intelligence (AI) in medical imaging 
New developments in medical imaging and artificial intelligence are bringing about revolutionary changes in 
healthcare. Integrating AI into medical imaging has transformed many aspects of medical care, aiding in the 
early detection of diseases, accurate diagnosis, personalized treatment plans, and improved patient outcomes. 
AI has the potential to transform every aspect of the Computed Tomography (CT) process—from the way the 
patient is positioned on the scanner to the generation of the final images [8]. AI—whether in the form of 
traditional machine learning or deep learning methods—has potential in reducing radiation dosage in 
Computed Tomography (CT). AI-based algorithms, can optimize different aspects of CT scans[23]. These 
include patient positioning, the area to be scanned, and technical settings (such as tube current and voltage). 
These methods are said to reduce radiation exposure more effectively than using manual constant tube current 
settings [2] [4]. 
 
1.6Radiation Dose Index and Radiation output 
Both manual and automatic methods used to select techniques in Computed Tomography (CT) directly affect 
the amount of radiation a patient receives; and the 'Dose Index' (CTDI) is a standard method for measuring the 
radiation output of a CT scanner, regardless of whether parameters are modulated via automatic techniques or 
constant parameters are selected. Previously, CTDI100 (measured using a 100 mm long ionization chamber) 
and CTDIw (the average dose across a single slice) were commonly used [24]. However, for modern helical 
scanners, the CTDIvoL value is more commonly used which is actually determined by dividing CTDIw by the 
pitch factor [25]. 
The CT DLP (Dose-Length Product) was measured to determine the total radiation dose output. The DLP value 
(mGy.cm) is equal to the product of CTDIvol (mGy) and the scan length in centimeters [26]. This is a standard 
method for measuring the total X-ray radiation emitted or radiation output during a complete CT scan[27]. 
The amount of radiation emitted by CT scan machines can vary significantly depending on the machine's brand 
and type. While the specific variation primarily depends on how the manufacturer has designed hardware and 
configured the machine's software [10,11]. 
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2. Material And Methods 
To compare the use of auto-modulated (self-adjusting) parameters with a constant reference value (without 
auto-modulation), it is essential to understand the primary and secondary aspects of radiation exposure. 
Determining the radiation dose involves considering key parameters such as 'mAs' and 'kVp,' alongside 
secondary factors like scan length, pitch, slice thickness, and FOV (field of view). Automated techniques—
including Artificial Intelligence (AI)—can be applied at every stage of CT scan imaging, ranging from the precise 
positioning of the patient to the final stage of image generation [8].  
The CT scans were performed using the 'Biograph m' CT scanner manufactured by Siemens Healthcare in 
Forchheim, Germany; this scanner features 128 slices and utilizes low-dose technology. The manufacturer has 
also introduced an application named 'AIDAN,' which is based on an Artificial Intelligence (AI) scanner platform 
and incorporates various AI-based algorithms into these scanners and a specialized CT scanner featuring 
'SOMATOM Drive Dual Source' technology, also manufactured by Siemens Healthcare in Germany. 
This study included 70 consecutive patients. The average age of the participants was 42 years. The study 
utilized data obtained from scans performed with specific settings.  
This data was derived from CT scans of the head, heart, chest, abdomen and pelvis. 
Two different scanning settings were used for these patients.  
A.Scans performed with constant, pre-set reference mAs and fixed kVp values without automatic modulation—
in accordance with specific clinical scan protocols established by the manufacturer.  
B.Scans performed with Real-time adjustment of X-ray tube current and automatic selection of kilovolt peak. 
Before the CT scan, each patient's weight and height were measured, and their BMI was calculated.  
Subsequently, patients were categorized into different groups based on their BMI: underweight (UW) if their 
BMI was less than 19.5 kg/m² (a BMI below 16 kg/m² is considered severe underweight or thinness), normal 
weight (NW) if the BMI was between 20 and 24.9 kg/m², overweight (OW) if the BMI was between 25 and 29.9 
kg/m², and obese (OB) if the BMI was 30 kg/m² or higher [10,12,13].  
Focus on Prime factors - The primary factors affecting radiation exposure CT scan are mAs and kVp. There is a 
direct relationship between mAs and the radiation dose received by the patient. If all other factors remain 
constant, increasing the mAs results in a proportional (1:1) increase in the dose [14,16]. Furthermore, 
increasing the kVp value leads to an increase in both the average energy of the photons and the total number 
of photons in the X-ray beam [15]. 
To determine the impact of 'automatic modulation' versus 'constant uniform radiation exposure' on radiation 
dose optimization—while focusing on key factors—fixed values for all secondary parameters related to scan 
protocols (such as scan length, pitch, and FOV) were considered. 
Exposure to radiation at levels below 100 kVp results in grainy images, whereas higher kVp levels expose 
patients to a greater radiation dose. This study evaluates CT scans performed at 100 kVp and 120 kVp to assess 
the impact of appropriate radiation exposure while maintaining image quality. 
Parameter selection- For scans performed with constant reference mAs without automatic modulation, the 
manufacturer-preset mAs and kVp values were considered; in contrast, automatic exposure control techniques 
adjust the X-ray tube current based on 'scout' images [5] and—while modulating the X-ray tube current in real-
time[18]—also automatically select the required kVp.. 
'Scout' (localizer) images were acquired using 120 kVp and a maximum tube current of 35 mAs (for scans 
where automatic modulation was not used); whereas when automatic exposure modulation techniques were 
employed, the kVp of the scout image was linked to the kVp of the diagnostic scan. The average CTDIvol during 
'scout' imaging ranged from 0.05 to 0.08 mGy. 
 
Radiation Intensity and output exposure. 
 
1. Head Scan: Scan data obtained with automatic selection of kVp (energy) and attenuation-based automatic 
modulation of X-ray tube current, and a scan performed without X-ray tube current modulation using the 
manufacturer-specified reference tube current at 100 kVp and 120 kVp as constant mAs With a fixed length of 
164 mm, a pitch of 0.5, and a 300 mm FOV—under both automatically modulated and constant mAs 
conditions—the generated X-ray intensity (mAs) and radiation output shown in Figure 1 determine the 
radiation intensity and output in relation to the patient's BMI.  
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(a)                                                      (b)                                                        (c) 

  
Figure-1. Graphs of Head CT scan showing head scan data: (a) mAs on the y-axis and BMI on the x-axis; 

(b) DLP on the y-axis and BMI on the x-axis (c) Comparison of scans taken at 100 kVp and 120 kVp. 
 
Figure 1(a) shows a significant difference in DLP at 100 and 120 kVp with constant mAs; conversely, a large 
difference was observed in the DLP curves—compared to the mAs curves—when using auto-modulated mAs 
at 100 and 120 kVp. While the mAs curve shows an approximately proportional increase in mAs as BMI rises, 
this pattern is not observed with the DLP curve. 
 
2. Cardiac Scan: Scan data obtained with automatic selection of kVp (energy) and attenuation-based automatic 
modulation of X-ray tube current, and a scan performed without X-ray tube current modulation using the 
manufacturer-specified reference tube current at 100 kVp and 120 kVp as constant mAs With a fixed length of 
164 mm, 0.35 pitch, and 780 mm FOV — in both automatically modulated and fixed mAs modes.  
 

      
(a)                                                             (b)                                                          (c) 

   
Figure-2. Graphs of Cardiac CT scan showing scan data: (a) mAs on the y-axis and BMI on the x-axis; 
(b) DLP on the y-axis and BMI on the x-axis (c) Comparison of scans taken at 100 kVp and 120 kVp. 

 
As shown in Figure 2, radiation intensity and output (at 120 kVp) relative to the patient's BMI show an increase 
in DLP similar to that observed in the mAs curve; however, at a BMI of 28 (Figure 2(b)), the increase in DLP is 
significantly greater than the increase in mAs, indicating that the nature of DLP is not limited merely to mAs 
and kVp but is more complex. 
 
3. Chest Scan Chest CT scan: data obtained using automatic selection of kVp (energy) and attenuation-based 
automatic modulation of X-ray tube current; and scan data obtained without X-ray tube current modulation—
using the manufacturer-specified reference tube current as a fixed mAs of 110 mAs at 120 kVp. With a fixed 
slice thickness of 1.5 mm, a fixed length of 253 mm, a pitch of 1.35, and an FOV (Field of View) of 780 mm — in 
both automatically modulated and fixed mAs modes.  
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(a)                                                            (b)                                                       (c) 

           
Figure-3. Graphs of Chest CT scan showing scan data: (a) mAs on the y-axis and BMI on the x-axis; (b) 

DLP on the y-axis and BMI on the x-axis (c) Comparison of scans taken at 100 kVp and 120 kVp. 
 
Figure 3(a) shows a proportional increase in mAs as kVp rises from 100 to 120, whereas the DLP curves in 
Figure 3(b) exhibit greater variations compared to the mAs curve. 
 
4.Abdomen Scan: Abdominal CT scan data acquired using attenuation-based automatic modulation of X-ray 
tube current (where kVp selection is also automatic), and scan data acquired without modulation using 
manufacturer-specified reference tube currents at 100 kVp and 120 kVp (as constant mAs, i.e., 110 mAs). With 
a fixed length of 400 mm, a pitch of 0.85, and a 780 mm FOV — in both automatically modulated and constant 
mAs modes. 
 

     
(a)                                                             (b)                                                           (c) 

 
Figure-4. Graphs of Abdomen CT scan showing: (a) mAs on the y-axis and BMI on the x-axis; (b) DLP on 

the y-axis and BMI on the x-axis (c) Comparison of scans taken at 100 kVp and 120 kVp. 
 
The increase in DLP with rising kVp is clearly evident in the DLP curve shown in Figure 4(b); however, the mAs 
curves for the auto-selected 100 kVp and 120 kVp settings overlap at several points—a phenomenon not 
observed in the DLP curves. This indicates that despite the overlap in mAs values, there is a significant increase 
in the output radiation exposure.  
 
5.Pelvis Scan : This is a CT scan of the pelvis performed using 'attenuation-based automatic modulation' of the 
X-ray tube current and automatic selection of kVp; it has been compared with scan data acquired at 100 & 120 
kVp without X-ray tube current modulation (using the manufacturer-specified reference tube current as a fixed 
mAs—110 mAs) With a fixed length of 253.5 mm, a pitch of 1.3, and an FOV of 780 mm—in both automatically 
modulated and fixed mAs modes—and a fixed slice thickness of 2.5 mm. 
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(a)                                                                  (b)                                                            (c) 

 
Figure-5. Graphs of Pelvis CT scan showing: (a) mAs on the y-axis and BMI on the x-axis; (b) DLP on 

the y-axis and BMI on the x-axis (c) Comparison of scans taken at 100 kVp and 120 kVp. 
 
Figure 5 illustrates higher reference X-ray tube levels compared to auto-modulated mAs (modulated using the 
same reference mAs at both 100 kVp and 120 kVp) during a CT scan of the pelvis; a significant increase in DLP 
was observed at 120 kVp (without auto modulation), but the auto-modulation of kVp and mAs resulted in a 
reduction in DLP and, consequently, in output radiation exposure. 
 
Stastistical Analysis- Continuous variables were expressed as mean and standard deviation (range), and 
categorical variables were presented as counts or percentages. 
 

TABLE 1. Mean and Standard deviation. 
Group Scan Type 

and kVp 
Defined 

BMI 
(kg/m²) 
Mean ± 
SD 

Tube 
Current 
(mAs) 
Mean ± 
SD 

CTDIvol 
(mGy) 
Mean ± 
SD 

DLP 
(mGy·cm) 
Mean ± 
SD 

DLP 
(mGy·cm) 
Median 
 

DLP 
(mGy·cm) 
Range 

Group 1 Head CT 
(100kVp 
Auto & 
Constant) 

 
24.75 ± 
6.185 

 
463.75 
± 
130.344 

 
44.00   ± 
11.518 

 
752.25 ± 
188.587 

 
821.00 

 
419 

Group 2 Chest CT 
(100kVp 
Auto & 
Constant) 

23.50 ± 
7.550 

142.25     
± 
71.658 

6.50    ±   
3.109 

180.00   ± 
97.225 

 
168.50 

 
223 

Group 3 Abdomen CT 
(100kVp 
Auto & 
Constant) 

23.75 ± 
4.272 

147.50 
± 
48.363 

6.50   ±    
1.915 

295.50   ± 
94.055 

 

 316.00 
 

 
204 

Group 4 Pelvis CT 
(100kVp 
Auto & 
Constant) 

23.75 ±  
5.852 

163.00   
±   
30.397 

9.00  ±   
3.367 

241.00   ±   
83.479 

 
241.50 

 
191 

Group 5 Head CT 
(120kVp 
Auto & 
Constant) 

24.975   
±  6.602 

482.00    
±   
105.764 

49.25 ±  
5.058 

  874.00      
±  
107.483   

 
898.50 

 
245 

Group 6 Cardiac CT 
(120kVp 
Auto & 
Constant) 

27.25    ±    
4.349 

46.50      
±    
9.747 

11.25    
±   3.202 

194.75   ±   
55.961 

 
194.00 

 
119 

Group 7 Chest CT 
(120kVp 
Auto & 
Constant) 

25.25    ±    
6.702 

188.50   
±   
87.348 

9.50     ±     
2.646 

347.50    ±    
116.349 

 
393.00 

 
254 
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Group 8 Abdomen CT 
(120kVp 
Auto & 
Constant) 

24.00   ±   
3.367 

154    ±   
57.114 

11.73    
±   4.425 

565.75    ±    
247.1 
 

 
 
538 

 
 
325 

Group 9 Pelvis CT 
(120kVp 
Auto & 
Constant) 

24.75     
±   5.058 

150.25   
±  
32.294 

11.25   ±   
2.217 

296.25   ±   
54.175 

 
319.50 

 
114 

 
TABLE 2. 100 kVp vs 120kVp. 

Parameter 120 kVp 100 kVp p-value 
DLP (mGy·cm) 455.65 ± 107 360.43 ± 146 0.0438 

 
TABLE 3. Brain Auto modulated mAs vs constant mAs at 100 kVp (Fixed energy) 

Parameter Auto modulated 
mAs 

Constant mAs p-value 

CTDLvol 48.50 (27-52) 33(33-33) 0.219 
DLP (mGy·cm) 821(474-893 576(576-576) 0.219 

 
An increase in kVp leads to a significant rise in radiation output. In an evaluation of CT scans performed at 100 
kVp—comparing scans without mAs modulation to those with auto-modulated mAs—no significant reduction 
in radiation dose was found (p > 0.5); whereas a significant reduction in radiation dose was observed in CT 
scans performed at 100 kVp compared to those at 120 kVp (p < 0.04). 
 

3. Result 
An increase in kVp leads to a substantial rise in radiation output. This significant increase in radiation output 
is more evident in scans performed at a fixed reference tube current without automatic modulation. For head 
CT scans, the average effective radiation output increased from 576 mGy.cm at 100 kVp to 960 mGy.cm at 120 
kVp without automatic modulation; whereas with automatic modulation of mAs and kVp, the average effective 
radiation output rose from 752.25 mGy.cm at 100 kVp to 874 mGy.cm at 120 kVp. For chest CT scans, the 
average effective radiation output without automatic modulation increased from 175 mGy.cm at 100 kVp to 
299 mGy.cm at 120 kVp, while with automatic modulation of mAs and kVp, it rose from 180 mGy.cm at 100 kVp 
to 347 mGy.cm at 120 kVp. In abdominal CT scans, the average effective radiation output without automatic 
modulation ranged from 423 mGy.cm at 100 kVp to 516 mGy.cm at 120 kVp, whereas automatic modulation of 
mAs and kVp increased this average effective radiation output from 295.50 mGy.cm at 100 kVp to 565.75 
mGy.cm at 120 kVp. In the case of pelvic CT scans, the average effective radiation output without automatic 
modulation ranged from 242 mGy.cm at 100 kVp to 425 mGy.cm at 120 kVp; whereas automatic modulation of 
mAs and kVp resulted in an average effective radiation output ranging from 241 mGy.cm at 100 kVp to 296 
mGy.cm at 120 kVp. 
 

4. Discussion 
Radiation output changes significantly with variations in kVp, and the amount of radiation emitted by CT scan 
machines can vary considerably depending on the machine's brand [11,19].Considered fast, detailed, and 
precise method of imaging the body's internal structures Computed tomography imaging become a versatile 
tool used in various medical fields—such as emergency medicine, oncology, cardiology, neurology, and 
surgery—playing a vital role in patient care and combining CT with other imaging techniques, such as PET 
(molecular imaging), is a key aspect of the development of medical imaging. In light of these advancements, 
future considerations regarding computed tomography and the adverse effects associated with ionizing 
radiation underscore the importance of optimizing radiation doses. 
Automatic exposure control modulates the X-ray tube by using the manufacturer-preset reference tube current 
as a baseline and adjusts radiation exposure based on 'scout' images [20]. In the absence of automatic 
modulation, the radiation dose remains constant due to the fixed reference X-ray tube current and fixed kVp. 
This level remains steady throughout the entire scan, regardless of whether thinner or thicker parts of the body 
are being imaged. However, automatic exposure control modulation relies significantly on the reference tube 
current [21,22], and this reference tube current varies among different manufacturers. Manufacturers are also 
incorporating AI (Artificial Intelligence) to enhance the precision of radiation exposure modulation via 
automatic exposure control. The modulation of radiation exposure through automatic exposure control also 
varies from manufacturer to manufacturer, due to variation in reference X-Ray tube current along with 
difference in hardware and software configuration as there is no universal standard. 
 

5. Conclusion 
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Output radiation exposure changes significantly with variations in kVp; when kVp is increased from 100 kVp 
to 120 kVp, the output radiation exposure rises substantially, and increasing it to 140 kVp can lead to a further 
increase. Radiation exposure varies through automatic exposure control based on body structure, as 
determined by 'scout' images. Furthermore, the output intensity of different imaging units varies from 
manufacturer to manufacturer in the absence of any universal standard. Imaging Units with automatically 
modulated radiation exposure rely on a reference X-ray tube current predefined by the manufacturer; 
establishing universal standards for the radiation output of computed tomography requires advanced 
technology—such as AI (Artificial Intelligence)—beyond conventional physics-based automatic exposure 
control. 
 

6. Limitations 
this study focus only on prime factors affecting radiation exposure. When advanced artificial intelligence-based 
algorithms are used to reconstruct final output images of computed tomography, there are certain limitations 
in assessing how well they perform. The number of patients considered in this study were limited in number 
and that is another limitation of this study, and the results could have been better if data from a larger number 
of patients had been considered. 
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