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Abstract: Analytical instruments used for scientific research and education are often expensive. This 
limitation poses a challenge for schools and educators in low-income countries to provide practical 
science training to students. To address this problem, the improvisation of analytical instruments 
and instructional materials has emerged as a viable solution. By incorporating practical experiments 
into science education, students have the opportunity to engage directly with scientific instruments, 
conduct investigations, and collect data. This hands-on approach fosters a deeper understanding of 
scientific principles, enhances critical thinking skills, and cultivates scientific mindsets among 
students. Herein, we review and discuss, step-by-step, the approach of using a smartphone for 
quantitative analysis, referred to as smartphone digital image colorimetry (SDIC). SDIC, with its 
practicality and accessibility, utilizes smartphone digital cameras for image acquisition and the 
freely available image processing programs, such as ImageJ and smartphone Apps, for image 
quantification. Using SDIC can enable students in low-income countries to develop essential 
scientific skills, including critical thinking, data interpretation, and an evidence-based approach to 
scientific research. By leveraging the ubiquity and affordability of smartphone technology, SDIC 
offers an accessible and cost-effective approach to practical science education, bridging the gap 
between theory and practice in resource-constrained settings. 

Keywords: Improvisation in science education; quantitative analysis; colorimetry; smartphone 
digital image colorimetric.  

 

1. Introduction 

Undergraduate chemistry, biochemistry, and other related courses require students to 
understand absorption spectrophotometry, Beer-Lambert law, and the quantification of analytes in 
solutions[1,2]. However, the high cost of analytical instruments employed in scientific inquiry and 
instruction constitutes an obstacle for schools and instructors in settings with limited resources. This 
limitation impairs instructors’ ability to offer practical science training, which limits students’ 
engagement and comprehension of fundamental scientific principles, with implications for students’ 
future achievements. [3]. 

Several strategies have been proposed to address the financial barriers faced by schools in low-
income settings. One of these strategies is the virtual laboratory. However, studies have shown that 
virtual laboratories have limitations and, therefore, cannot fully replace real laboratories; instead, 
they can supplement them [4]. Real laboratory experience contributes significantly to building 
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scientific and research skills in students with real-world applications. Reports have shown that 
classes that incorporate real-world practical experience. [5,6], especially in a collaborative project [7], 
help students immensely in their later career path, and eventually contribute to society's general 
development.  

To limit the impact of budgetary constraints in building real laboratories and providing practical 
science education in low-income schools, the improvisation of scientific instruments and materials 
for instruction has emerged as a viable option [8,9]. Using local resources and creative instructional 
approaches, educators may close the gap to costly instruments and enable students to receive 
practical training and technical know-how in conducting scientific experiments. The idea is to 
improvise scientific instruments utilizing familiar tools. Familiar resources used in learning foster 
authentic and lasting experiences and consequently improve engagement, comprehension, and 
interest in education [10]. Complex ideas can be broken down into sequential steps for easy 
assimilation by leveraging familiar learning tools.  

Most students Because students have smartphones [11]Therefore, integrating smartphones into 
student learning is expected to greatly support science education in low-budget schools. According 
to reports, smartphones are becoming increasingly popular in developing countries, significantly 
impacting people’s lives [12] and with the potential for long-term growth [13]. However, despite the 
growing use of smartphones among the youth in developing countries, their incorporation into 
learning in higher education is just emerging [14]. Unfortunately, students’ misuse of smartphones 
has become a source of time waste, distraction, emotional alienation, technostress, insomnia [15], and 
decreased academic performance [16]. Therefore, introducing smartphones into practical science 
training can substantially impact students, allowing them to use them better in their educational 
endeavors. Teaching Beer's Law and UV-vis spectroscopy using smartphones has been proposed [17]. 
Here, we review and discuss the use of smartphones for quantitative colorimetric analysis, commonly 
known as smartphone digital image colorimetry (SDIC). We aim to show how students in low-budget 
schools can benefit from SDIC by gaining critical scientific skills and an evidence-based approach to 
scientific investigation. 

2. Smartphone Digital Image Colorimetry 

Conventional spectrophotometers, while necessary for quantitative analysis, are usually 
encased, thus limiting students’ capacity to investigate their interior components and comprehend 
their functioning principles. Like a “black box,” the traditional enclosed spectrophotometers limit 
students’ opportunity for a broader comprehension of the workings of the machine, the analytical 
method, and principles. SDIC has emerged as a viable alternative to conventional 
spectrophotometers. SDIC is a unique technique that takes advantage of smartphones’ availability 
and affordability to transform analytical instrumentation, with enormous advantages in science 
education (Table 1). Furthermore, the analytical usage of SDIC has also been improved by the 
availability of free apps and easy-to-use programs for data processing [18].  

Table 1. Advantages of SDIC in Science Education. 

Advantages  Note 
User-friendliness and 
Hands-On Learning 

Experience 

Because SDIC involves familiar technologies, it would foster better 
interaction and participation in science education. 

Convenience and 
Portability 

Smartphones’ small dimensions and portability would allow students to 
conduct colorimetric measurements without needing specialized 

laboratory facilities or restricted spaces, expanding their application in 
fieldwork.  

Cheap 
Smartphones are ubiquitous and cheap compared to conventional 

analytical equipment, making SDIC affordable to resource-constraint 
schools. 
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Open design 
The open design of SDIC would allow students to explore the instrument’s 

components and understand their operating principles. 

Low energy demand 

SDIC's low energy demand makes it suitable for regions with limited 
access to electricity. Conventional spectrophotometers, on the other hand, 

require enormous energy because of their sophisticated light sources, 
optical systems, and detectors. 

 
SDIC is based on colorimetric principles, where light is absorbed or transmitted by a sample 

solution at specific wavelengths to estimate the concentration of analyte present. The concentration 
of analyte in solutions and their absorbance exhibit a linear relationship. Although different based on 
how measurements are taken and data are processed, nonetheless, the readings of SDIC, like the 
traditional UV-vis spectrophotometry, are proportional to absorbance, obeying Beer-Lambert’s law 
[18].  

The fundamental law underlying all spectrophotometric estimations is the Beer-Lambert Law. 
According to Beer-Lambert law, the absorbance (A) of light by a solution is directly proportional to 
the concentration (c) of the solution and the path length (l) by which the light passes through the 
solution (that is, the cuvette width).  

That is: 
𝐴𝐴 =  𝜀𝜀𝜀𝜀𝜀𝜀 − − −− −−−−−−−−−−−−−−−−−−−−− (1)    
Where: 

𝐴𝐴 =  absorbance or optical density (OD), which is log10
𝐼𝐼𝑜𝑜
𝐼𝐼𝑒𝑒

 

𝜀𝜀𝜆𝜆 =  extinction coefficient  
𝑐𝑐 =  concentration of the solution 

 𝑙𝑙 = path length by which the light passes the solution (usually 1 cm) 
𝐼𝐼0 = intensity of incident light 
𝐼𝐼𝑒𝑒 = intensity of emergent light 
Equation (1) is called the Beer-Lambert Law. The ratio  𝐼𝐼𝑒𝑒

𝐼𝐼𝑜𝑜
 ,  is the transmittance (T), the ratio 

of the intensity of light transmitted by a solution to the intensity of light incident on the solution. So, 
absorbance is the logarithm (to the base 10) of the inverse of the transmittance. 

log10
1
𝑇𝑇

= − log10 𝑇𝑇 = 𝐴𝐴 = 𝜀𝜀𝜆𝜆𝑐𝑐𝑐𝑐 − − − −− −−−−−−−−−−−− (2) 

This relationship is pivotal for estimating the analyte concentration in solution. The absorbance 
of one solution (unknown solution) is compared to a set of solutions with known concentration. The 
Beer-Lambert Law is only valid under specific conditions, such as the requirement for using 
monochromatic light and the fact that it is only applicable at low concentrations, meaning in practice, 
it usually implies up to an absorbance of approximately 0.6 [19]. 

In SDIC, colorimetric measurement is taken using smartphones’ built-in cameras. Even though 
digital images can be captured using a broad range of technologies (such as scanning devices, 
webcams, and digital cameras), smartphone cameras have emerged as popular devices in 
colorimetric analyses due to their convenience, availability, as well as cost-effectiveness compared to 
spectrophotometers [18]. In recent years, smartphone cameras have seen significant advancements in 
technology. Two major image sensor technologies, charged coupled devices (CCDs) and 
complementary metal-oxide semiconductors (CMOS), are foreseen to continue to make an impact 
and expand the digital imaging industry [20]. However, while CCDs have long been the dominant 
image-sensor technology, advances in CMOS technology render them a compelling alternative to 
CCD sensors [21]. Currently, CMOS image sensors have become prevalent, especially in high-volume 
products such as smartphones [21]. CMOS sensors operate by converting light into an electrical 
charge and are equipped with appropriate filters for detecting every color separately [20,21]. CMOS 
sensors are more efficient, affordable, and consume less energy than CCDs [20], which are commonly 
used in UV-vis spectroscopy [22]. 
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2.1. Basic Components of Smartphone Digital Image Colorimetry  

Optical instruments operate within the electromagnetic spectrum's regions, encompassing X-
rays, ultraviolet, visible, and infrared. SDIC operates exclusively in the visible spectrum, where the 
human eye operates. The fundamental optical instrument components will be a reference when 
constructing the colorimetric box, which will function as the detector in SDIC. While optical 
instruments generally consist of comparable fundamental components (Figure 1), their configuration 
may differ slightly depending on the specific region of the spectrum in which they are utilized. [23]. 
The basic components of an optical instrument include: 

• A stable light source that produces radiant energy. 
• A transparent sample holder.  
• A wavelength selector that isolates a specific region of the electromagnetic spectrum for 

measurement. 
• A detector that converts radiant energy to usable electric signals. 
• A signal processor that displays the signal on a scale. 

 
Figure 1. Basic components of optical instruments. Created with BioRender.com. 

2.2.  Constructing a Simple Laboratory-Made Smartphone-Based Colorimetric Instrument 

The colorimetric box can be constructed from readily available materials to ensure the 
reproducible capture of images. For instance, a simple rectangular box with 25 × 18 × 9 cm dimensions 
could be used. In Figure 2, two different designs, A and B, can be used for the construction of the 
colorimetric box.  

In Figure 2A, the interior of the box is painted black to minimize reflection. A monochromatic 
light source that emits a specific wavelength of radiant energy is used in the form of the backscreen 
of a smartphone that illuminates a specific wavelength corresponding to the wavelength of maximum 
absorption of the analyte. The image used for the backscreen can be generated from free online 
sources such as Wolfram Wavelength to Color Converter 
(https://www.wolframalpha.com/widgets/gallery/view.jsp?id=5072e9b72faacd73c9a4e4cb36ad08d). 
This works by simply inputting the desired wavelength within the visible region of the 
electromagnetic spectrum. The wavelength's color equivalent will be generated immediately, which 
can be transferred to the smartphone as an image to be used as a monochromatic light source. In 
Figure 2B, instead of using a monochromatic light source, a continuum light source that emits a wide 
range of wavelengths can be used, such as a light-emitting diode (LED) lamp readily available in 
local stores. This configuration, however, is prone to inferences and poor selectivity and requires the 
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blank and sample solution to have a wide color contrast, preferably a colorless blank [24]. A colorful 
blank will necessitate the use of a monochromatic light source to improve selectivity [25].  

The sample holder can be a regular UV-Vis cuvette [26]. Depending on the configuration of the 
box, single or multiple cuvettes can be used at a time. In Figure 2A, for example, multiple cuvettes 
can be used to capture the blank and sample solutions simultaneously because the monochromatic 
light source is placed just behind the sample holder, and all the cuvettes experience the same 
exposure to the light source. In Figure 2B, however, the light source is placed beside the sample 
holder since placing it behind the sample holder can result in the saturation of the detection camera, 
as the LED lamp brightness cannot be controlled. This setup implies that only a single cuvette can be 
used at a time.  

The detector can be a smartphone's camera that can capture reproducible images. The quality of 
the photos depends on the specifications of the different components of the phone camera. The better 
the camera quality, the better the image quality and, hence, the quality of the result. 

The signal processor can be an image processing software such as the simple open-source ImageJ 
software [27]. Mobile applications can also be used, such as the customized WeChat applet WASDIC 
[28], RGB color detector [29], colorgrab [30], and Photometrix [31]. The software generates a 
histogram by converting the pixel intensity of the sample solution to a number that is correlated with 
the analyte concentration.   

 

Figure 2. Components of SDIC. 

2.3. Optimizing Parameters  

The optimization of different parameters is necessary to ensure that the SDIC gives results 
comparable to those of a typical optical instrument. 

2.3.1. Dimensions of the Colorimetric Box 

Care must be taken in selecting the size of the colorimetric box to ensure that it is large enough 
to contain all the components inside but potable enough to be potentially used for onsite analysis. 
The components should have the right spacing within the colorimetric box to ensure optimal 
interaction between the components that will produce maximum sensitivity and selectivity. 

2.3.2. The Light Source 

The effect of the brightness of the light source needs to be optimized if the light source is directly 
facing the detection camera. If the brightness is high, it can saturate the detection camera. If an LED 
lamp is used, the brightness cannot be adjusted except if the lamp has the brightness adjustment 
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function. In the case of a smartphone used as a monochromatic light source, the brightness needs to 
be optimized by changing the setting sequentially and testing the effect of the change. Care should 
be taken to turn off automatic brightness in the phone settings since when that setting is enabled, the 
screen's brightness changes according to the brightness of the environment. Fluctuation in brightness 
between the environments can affect the reproducibility of measurement. 

Another critical parameter that needs optimization is the wavelength of the light source. The 
correct wavelength will improve the selectivity and sensitivity of the measurement. 

2.3.3. The Detection Camera 

The effect of different detection cameras can be studied to find the one that gives the best 
sensitivity. Moreover, when capturing the photograph, the sensor needs to be ensured that it is stable. 
Some studies have optimized the effect of the detection camera. Generally, the latest phone models 
with the most advanced cameras give the best sensitivity regardless of the brand [32]. 

2.4. Image Processing and Data Collection  

The RGB color model is the most widely used model for analytical applications [33]. A previous 
review gave a detailed discussion of various color models [34]. In the RGB model, the image is split 
into R, G, and B channels. Histogram values are assigned from 0 to 255 for each of these three 
channels, such that [0, 0, 0] corresponds to absolute black and [255, 255, 255] to absolute white [35]. 
The implication is that, as the intensity of the color increases, the value of the most intense RBG 
channel will linearly drop, whilst the other two may slightly increase or even stay constant [36]. These 
values can be used directly for quantitation since they are linearly correlated with concentration; 
however, a negative slope will be obtained in the calibration curve [37]. To obtain a positive slope, 
several mathematical operations can be utilized, such as R = 255 – I [38]. Where R is the response, and 
255 represents the blank presumed to be absolute white, which might not be the case for most 
practical applications. I is the mean histogram value for the analyte from the most intense R, G, or B 
channel. A more practical approach is to use R = I0 – I, where I0 is the intensity of the blank for a 
specific channel, with other variables being the same as in the previous example [24]. Alternatively, 
Beers’ law can be used by inputting the values of the mean histogram values of the blank and analyte 
in the Beers’ equation [39].  

An illustration is presented in Figure 3 using ImageJ software. In Figure 3A, the image is opened 
from ImageJ using the CNTR O (CMD O for Mac) command. The image is opened from the location 
it is stored in the PC in jpg format. To spit the image into the three channels, in the menu bar, “image” 
is clicked, then “color”, and split channels. The image is split into R, G, and B channels, as shown in 
Figure 3B. The channel that gives the widest contrast between the blank and the analyte is selected – 
in this example, the green channel. The region of interest is selected by simply highlighting the area 
within the solution as a square that will be used to generate the histogram. Figure 3A shows the 
histogram of the blank and analyte for the green channel used for quantitation by the command 
CNTR H (CMD H for Mac). The mean histogram values for the blank and analyte can be inputted 
into a spreadsheet to calculate absorbance using the Beers’ equation. 
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Figure 3. Generating a histogram from ImageJ. 

2.5. Data Analysis and Results Presentation  

The data collected can be processed with a simple spreadsheet such as Microsoft Office Excel or 
Apple Numbers. The illustration in Figure 4 is a simple template designed for optimization of the 
distance between the sample holder and detection camera for SDIC. The template can be modified 
slightly to fit any optimization parameter or calibration graph by simply duplicating the sheet and 
changing the x-axis to accommodate the parameter of interest. In the template in Figure 4A, the rows 
show the input box for the mean histogram values for the blank analyte as three replicates each. The 
absorbance is calculated automatically by typing the Beers’ equation command using the reference 
cells corresponding to each replicate of the blank and analyte. The average absorbance is calculated 
by inputting the average command and highlighting the appropriate cells. This average is used as 
the y-axis. The corresponding standard deviation (SD) is calculated in a like manner and used as the 
error bar. Typically, a good error bar will be obtained if the percent relative standard deviation 
(%RSD) is below 5%. Figure 4B is a line chart plotted from the data obtained for a graphical 
illustration of the result. Each axis is labeled, and the appropriate significant figures are applied for 
each axis. The charts can be used in the result and discussion section for clear elaboration. A bar chart 
can alternatively be used depending on the nature of the parameter that is being optimized. 
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Figure 4. Illustration of a simple Excel template for data analysis and result presentation. 

3. Discussion  

The process of constructing a colorimetric box and carrying out SDIC analysis is relatively easy 
and straightforward. The only condition is for the analyte to be colored [25] or derivatizing the 
analyte with a suitable reaction that can change a colorless analyte to a colorful derivative that is 
distinguishable from a blank solution void of the analyte [40]. The remaining process is synonymous 
with carrying out colorimetric measurements using UV/VIS spectrophotometer. Although the 
sensitivity of SDIC is less than that of a UV/Vis spectrophotometer, a preconcentration step is often 
applied before detection to improve the sensitivity of SDIC [41]. The analytical figures of merit can 
be calculated from calibration graphs as with any typical analytical instrument to validate the result. 
However, an independent study with another instrument is often required to evaluate the accuracy 
of a proposed SDIC method by statistical analysis. Typically, SDIC is most comparable to UV/Vis 
spectrometry, and as such, it is one of the most used instruments for comparison study [42,43]. Other 
instruments that have been used include flame atomic absorption spectrometry [44], high-
performance liquid chromatography [37], and fluorescence spectroscopy [45]. Because of the 
portability of SDIC, it has been applied for on-field analysis [28].  
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3.1 Precautions in Smartphone Digital Image Colorimetry  

A major precaution that should be considered in a typical SDIC experiment is to ensure that the 
camera sensor is stable before capturing the image to ensure that the camera's autofocus is constant. 
This precaution will ensure a reproducible result. It is strongly recommended that the colorimetric 
box be designed in such a way that the blank and analyte are captured simultaneously. This 
requirement will serve to correct for any fluctuations in the autofocus efficiency since Beers’ law is a 
logarithmic ratio of the blank and analyte, and any fluctuations will affect both blank and analyte to 
the same degree. For a colorful blank, it is strongly recommended to improvise a filter or wavelength 
selector that is simple and affordable to maintain the main merits of SDIC, which are accessibility, 
simplicity, and affordability. It is important to ensure that the sample holder is always clean to avoid 
interference from contamination. Suppose a chemical reaction is required for derivatization purposes 
to convert colorless analytes to colorful derivatives. In that case, the stability of the reaction and the 
kinetics need to be evaluated to ensure the right timing is applied. 

3.2. Application of Smartphone Digital Image Colorimetry 

The ubiquitous and exponentially increasing use of smartphones has inspired a wide 
community of scientists to innovate by finding ways to use them as analytical instruments. SDIC has 
become a powerful, low-cost, and rapid analytical tool for the quantitative determination of analytes 
using visual assessment of color changes of obtained digital images, especially for users who desire 
to perform colorimetric analyses with reduced effort, low costs, and independent of location. 
Consequently, SDIC has emerged as an ideal approach for point-of-need analytical methods, 
especially in resource-limited settings. The application of SDIC cuts across different fields, including 
environmental monitoring [46,47], detection of hazardous substances (such as chemical weapons and 
explosives) [48], healthcare and clinical diagnosis [49–51], food quality and safety monitoring [52,53], 
(Figure 5). 

 

Figure 5. Application of smartphone digital image colorimetry. Created with BioRender.com. 

In biomedical applications, one of the notable areas SDIC has been applied is the quantification 
of the drug’s active pharmacologic ingredients [54] and point-of-care antibiotic residual [54].  
Mermer and colleagues reported standardization experiments on an SDIC method for the 
determination of vancomycin (antibiotics) content in drugs based on the colorimetric reaction of 
vancomycin with copper(II) in an acidic pH [55]. Exploring the simplicity of SDIC, James and 
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Honeychurch [56] described the colorimetric determination of acetaminophen via its reduction of 
ferricyanide to give ferrocyanide, which is further converted to Prussian Blue upon the addition of 
iron(III), as shown in Figure 6. This approach is seamless and affordable. The diagnostic application 
of SDIC methods has continued to expand due to its low-cost instruments, portability, simplicity, and 
practicality. In biomolecular detection, Firdaus and colleagues developed a non-enzymatic 
nanoparticle-based glucose quantification in urine samples of normal people and diabetic patients 
[57]. Other biomolecules analyzed with SDIC include urinary albumin [58], DNA [59], tyrosinase [60], 
and urea [61]. Similarly, SDIC for chemical analysis is well documented in recent years, such as in 
the study of Cu2+ [62], Hg2+ [63], paraoxon herbicides [64], pesticides (paraoxon, malathion, and 
methyl parathion ) [65,66], tetracycline [67], methylene blue [68], Pb2+ [63], among others.  

 
Figure 6. Determination of acetaminophen using SDIC. Adapted from James and Honeychurch [56]. 

In the aspect of food processing and safety, SDIC has been developed for the quantitative 
detection of nitrite in food samples (cabbage, pickle, and ham) leveraging the colorimetric oxidation 
chemistry between nitrite and 3,3′,5,5′-tetramethylbenzidine (TMB) [69]. In their study, the authors 
[69] monitored the direct quantitative oxidation of TMB by nitrite to form a yellow TMB diimine 
(oxTMB); the image of an inherent color variation was captured using a smartphone and analyzed 
[69]. This approach was a simple, sensitive, and accessible alternative method of nitrite detection in 
food samples. Similarly, using a simple, inexpensive lab-made apparatus, SDIC was employed to 
determine the amount of protein (in milk, lentils, and beans) [58], sterols in vegetable oils [59], and 
alkaline phosphatase in raw milk samples [70]. Furthermore, the applicability of SDIC to detect 
contaminants and adulterants in complex food matrices has been reported [71–73].With the 
proliferation of smartphones in low—and middle-income countries and the rapid advances in SDIC's 
analytical applications, SDIC holds a high prospect of providing an accessible approach for analytical 
measurements across different disciplines in resource-limited settings for research and pedagogical 
uses.    

4. Future Perspectives 

SDIC has the potential to immensely improve scientific training in resource-constrained regions, 
thus making it possible to build and empower future generations of leaders, researchers, and creative 
thinkers, irrespective of their background or geographical location. Despite their relevance and use 
in various fields, factors that affect accurate image acquisition or processing in SDIC are seldom 
reported and discussed [74]. These factors are essential in the repeatability and reproducibility of 
measurements using SDIC. Also, there is a need for standards in analytical parameters such as 
accuracy, specificity, selectivity, limits of quantification (LOQs), and limits of detection (LODs) [75]. 
The Ministry or Department of Education in countries and relevant professional bodies could play 
essential roles in laying guidelines or providing recommendations and setting standards for 
incorporating emerging technologies such as SDIC into educational training. The application of SDIC 
in kinetic studies has a promising future. Using digital videoing to monitor colorimetric reactions in 
real-time and exploiting SDIC as a kinetic analytical method are attractive prospects. Educational 
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training can extend the use of SDIC for time-dependent kinetic studies, leveraging smartphones’ 
ability to take high-quality videos. Currently, traditional UV-Vis spectrophotometers can monitor 
colorimetric reactions and rapid variations in the concentration of analyte over time. However, no 
known kinetic studies are available using SDIC so far. Thus, SDIC’s versatility and educational 
applications could be expanded with digital videoing, where recording all phases of a colorimetric 
reaction will allow for holistic kinetic measurement and estimating reaction rates, constants, and 
other kinetic parameters. Additionally, SDIC’s future will most likely include the use of machine 
learning and artificial intelligence for faster and more accurate colorimetric measurement or data 
analysis [76], thereby opening up new opportunities for a variety of educational applications and 
optimizations of the technique or specialized software that may reach even resource-constraint 
regions that would typically not reap the dividend of technological advancement. 

5. Conclusions 

Experimental instruments and instructional material are an essential part of science training. 
Hence, an inadequate supply of these instruments and materials could seriously affect the standard 
of science education, making it difficult for teachers to give practical science instruction efficiently. 
Consequently, students’ acquisition of practical skills and hands-on research experiences is 
hampered. However, SDIC is opening exciting opportunities for students in resource-constraint 
settings to learn the principles and practices of colorimetric analyses, with the prospect of allowing 
more and more students and researchers from various fields of study and places in the world, 
especially in the low-resource regions, to gain quality hands-on research experience and education. 
Notably, the application of SDIC is increasingly widening. Some of the fields of study SDIC have 
been applied to include analytical chemistry, chemical sciences, biological sciences, medical sciences, 
nutritional sciences, agricultural sciences, and environmental sciences. This development is mainly 
due to the availability, portability, low energy demand, affordability, and user-friendliness of SDIC, 
enabling colorimetric measurements requiring little reagent utilization and coupled with green 
microextraction. This review highlights how students can gain practical science knowledge and 
research skills in absorption spectrophotometry using SDIC. The suitability of SDIC application in 
education stems from its components, which students can relate to or are already familiar with. We 
hope this review will contribute to the democratization of science education, ensuring that even in 
environments with limited resources, students and educators can constructively engage with 
scientific concepts and techniques. SDIC is a revolutionary innovation that promises to improve 
science education quality in resource-constraint settings. By adopting SDIC, instructors can break 
down barriers to hands-on science instruction and empower students to understand and explore the 
exciting possibilities in quantitative colorimetric analysis and absorption spectroscopy.  
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