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Abbreviations 

ANN – artificial neural network 

API – active pharmaceutical ingredient 

BR – Bayesian regularization 

CAR – carvedilol 

CCD – charge-coupled device 

CHP – anhydrous calcium hydrogen phosphate 

CMA – critical material attribute 

CMOS - complementary metal-oxide semiconductor 

CPP – critical process parameter 

CQA – critical quality attribute 

CSTR – continuous stirred tank reactor 

CU – content uniformity 

DoE – design of experiments 

DR – drotaverine hydrochloride 

DS – design space 

ERT – ensemble of regression trees 

FDA – U.S. Food and Drug Administration 

fps – frames per second 

GA – genetic algorithm 

HPLC – high pressure liquid chromatography 

HPMC – hydroxypropyl-methylcellulose 

IPC – in-process control 

L/S – liquid/solid 

LIF – light induced fluorescence 

LM – Levenberg-Marquardt 

LoD – limit of detection 

LoQ – limit of quantification 

LV – latent variable 

MCC – microcrystalline cellulose 

MgSt – magnesium stearate 

MSC – multiplicative signal correction 
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NIR – near infrared 

PACT – process analytically controlled technology 

PAT – process analytical technology 

PCA – principal component analysis 

PC – principal components 

PLS – partial least squares 

PSD – particle size distribution 

PVPK30 - polyvinylpyrrolidone K30 

QbC – quality-by-control 

QbD – quality-by-design 

QbT – quality-by-testing 

QTTP- quality target product profile 

RF – random forest 

RGB – red, green, blue 

RI – riboflavin 

RI-MCC – riboflavin dispersed on the surface of microcrystalline cellulose particles 

RMSE – root mean squared error 

RMSEC – root mean squared error of calibration 

RMSECV - root mean squared error of cross-validation 

RMSEP - root mean squared error of prediction 

rpm – revolutions per minute 

RSD – relative standard deviation 

RTD – residence time distribution 

RTRT – real-time release testing 

SNV – standard normal variate 

SVM – support vector machine 

SVR – support vector regression 

TSWG – twin screw wet granulation 

UV-Vis – ultraviolet-visible 
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Thesis findings 

1. The in vitro dissolution profile of extended release tablets, containing (the most commonly 

utilized matrix polymer) hydroxypropyl-methlycellulose (HPMC), was predicted using an 

artificial neural network (ANN) for the first time. By using the active pharmaceutical ingredient 

(API) content and HPMC content (predicted with partial least squares (PLS) models from near-

infrared (NIR) or Raman spectra), and the maximum compression force as input, the in vitro 

dissolution profile of test tablets could be predicted with f2 acceptance values higher than 50 in 

all cases. The best model (using input derived from Raman spectra) achieved an average f2 

value of 74.27. [I, III, IV] 

2. Particle size distribution (PSD) data was used to significantly improve the performance of an 

ANN predicting the in vitro dissolution profile of extended release tablets (using HPMC as 

matrix polymer) for the first time. The performance of ANN using PSD data, API content, 

HPMC content and maximum compression force as input was compared with methods of 

“support vector regression” and “ensemble of regression trees”. Based on the average f2 value 

of predictions and the number of predictions with values below 50, ANN consistently 

outperforms the other two methods. [I, III, IV] 

3. In-line monitoring of the concentration of a low dose (0.3-0.4 w/w%) colored API was 

performed using a digital camera for the first time in the product of continuous powder blending 

line with a very low limit of detection (0.015 w/w%) and limit of quantification (0.046 w/w%). 

Predictions of the image analysis method were validated using destructive off-line UV-Vis 

spectroscopy. The relative root mean squared error of prediction (RMSEP) value was below 

3%. [II, V, VI, VII] 

4. Indirect determination of the concentration of an ultralow dose API during continuous twin 

screw wet granulation using colored excipient as a tracer material was performed for the first 

time. It was shown that the CIELAB b* value of the granules correlates with the applied 

liquid/solid ratio and the API content determined by HPLC. Validation experiments resulted in 

a relative RMSEP of less than 3% for API content prediction. By using only half the amount of 

tracer material and doubling the mass flow the validation showed a relative error of less than 

5% for API content prediction. [II, V, VII, VIII, IX] 

5. A digital image analysis-based method was applied for the feedback control of a continuous 

powder blending process for the first time. Based on the CIELAB b* value of images, the 

concentration of the colored API in the product was predicted real-time and this information 
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was used as control signal in a feedback control loop where the feeder of the colored material 

was adjusted. It was demonstrated that the feedback control can effectively mitigate the effect 

of disturbances caused by volumetric feeding. [II, V, VI, VII] 
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Új tudományos eredmények 

1. Egy mesterséges neurális hálózat (ANN) segítségével először valósítottuk meg nyújtott 

hatóanyag-leadású, hidroxipropil-metilcellulózt (HPMC) - a leggyakrabban alkalmazott mátrix 

polimert - tartalmazó tabletták in vitro kioldódásprofiljának becslését. Bemeneti adatként a 

tabletták (közeli infravörös (NIR), illetve Raman spektrumából a részleges legkisebb négyzetek 

módszerrel (PLS)) becsült hatóanyag-tartalmát és HPMC tartalmát, illetve maximális préserejét 

alkalmazva az összes teszt tabletta in vitro kioldódásprofilját 50 feletti f2 elfogadási értékkel 

lehetett előre jelezni. A legjobb, Raman spektrumból nyert adatokat alkalmazó modell esetén 

az átlagos f2 érték 74,27 volt. [I, III, IV] 

2. Részecskeméret-eloszlás (PSD) adatok felhasználásával, első alkalommal sikerült javítani 

egy olyan ANN teljesítményét, ami nyújtott hatóanyag-leadású, HPMC mátrix polimert 

tartalmazó tabletták in vitro kioldódásprofilját becsüli. Az ANN teljesítményét, ami bemeneti 

adatként PSD adatokat, a hatóanyag-koncentrációt, a HPMC koncentrációt és a maximális 

préserőt alkalmazta, összehasonlítottuk „támogatóvektor-regresszió” és „regressziós fák 

gyülekezete” modellekkel. A becslések átlagos f2 értéke és az 50 alatti f2 értékkel becsült minták 

száma alapján az ANN jobb jóslási hatékonyságot mutatott, mint a másik két módszer. [I, III, 

IV] 

3. Elsőként valósítottuk meg alacsony dózisú (0,3-0,4 m/m%) színes hatóanyag 

koncentrációjának folyamatos meghatározását digitális kamerával folyamatos porkeverési 

eljárás során. Alacsony kimutatási határt (0,015 m/m%) és jó kvantifikálási határt (0,046 

m/m%) sikerült elérni. A képelemzési módszerrel kapott eredmények validálását destruktív off-

line UV-Vis spektroszkópiai méréssel valósítottuk meg, a becslésekre kapott átlagos négyzetes 

eltérés (RMSEP) 3% alatt volt. [II, V, VI, VII] 

4. Első alkalommal mutattuk ki, hogy színes segédanyaggal jelölt, ultra-alacsony dózisban 

jelenlévő hatóanyag koncentrációja, valamint a folyamatos ikercsigás nedves granulálás során 

alkalmazott folyadék/szilárd arány korrelál a granulátumok CIELAB b* értékével. A korrelációt 

HPLC-vel meghatározott hatóanyag-tartalommal bizonyítottuk. Validáló kísérletek során a 

hatóanyag-tartalom becslésére 3% alatti RMSEP értéket kaptunk. A színes jelölőanyag 

mennyiségét felére csökkentve, a rendszer tömegáramát pedig kétszeresére növelve a validáló 

kísérletek a hatóanyag-tartalom becslésére 5% alatti RMSEP értéket adtak. [II, V, VII, VIII, 

IX] 
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5. Első alkalommal valósítottuk meg digitális képelemzés eredményeinek visszacsatolását egy 

folyamatos porkeverési eljárás során. A képek CIELAB b* értéke alapján valós időben 

becsültük a színes hatóanyag koncentrációját, ezt az információt egy visszacsatolásos 

szabályozókörben a hatóanyag adagolási sebességének szabályozására használtuk. 

Demonstráltuk, hogy a visszacsatolásos szabályozás hatékonyan képes kompenzálni a 

volumetrikus adagolás által okozott zavarásokat. [II, V, VI, VII] 
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1. Introduction 

 In our aging society, reliable and affordable medical treatment becomes ever more 

important. Recently the pharmaceutical industry has made its first steps toward the 

implementation of continuous manufacturing which has vast benefits both in the terms of 

productivity and quality assurance. In order to realize its maximum potential, continuous 

manufacturing requires advanced analytical sensors which are capable of accurate, real-time 

measurements, ultimately the data provided by these can be used for the feedback control of 

the system. However, the achievement of such an ambitious goal requires extensive knowledge 

of analytical instruments, data analysis methods and a solid understanding of the intricate 

manufacturing process. 

 Near-infrared (NIR) and Raman spectroscopy are showing tremendous potential as 

sensors in pharmaceutical manufacturing, they have been used many times to realize the real-

time measurement of the composition or various physical properties of intermediate and end 

products. Dissolution testing is one of the most important steps in the evaluation of the quality 

of tablets, the most popular form of medicine. However, dissolution testing is not compatible 

with continuous manufacturing, as it is a time consuming and destructive process and as such 

it cannot yield real-time information. Therefore, alternative methods have been proposed which 

utilize data obtained about the properties of the tablets with real-time sensors such as NIR or 

Raman spectroscopy to predict the dissolution profile without performing the actual 

measurement. The area of surrogate dissolution modeling needs further research in order to 

facilitate its industrial implementation. 

 Machine vision is a rapidly developing field in the 21st century. Digital cameras can be 

used as sensors in many different fields such as industrial robots, self-driving cars and medicine 

production, their versatility can be attributed to their compact size, low price, fast image 

acquisition and easy implementability among other benefits. They also have many potential 

applications in pharmaceutical manufacturing. So far most authors exploited the spatial 

information yielded by cameras in order to measure the particle size and shape of intermediate 

products which is often their most important quality attribute. However, digital cameras can 

also provide information about color, in the case of a colored drug, digital images might be 

suitable for the measurement of drug content, substituting much more complex and expensive 

spectrometers. This possibility has not yet been widely investigated, thus digital imaging might 

have great untapped potential in pharmaceutical manufacturing. 
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 Our first objective was the implementation of NIR and Raman spectroscopy followed 

by data analysis and machine learning techniques to create surrogate in vitro dissolution 

prediction models for extended release pharmaceutical tablets. The second focus of our research 

was the utilization of machine vision for the real-time measurement of the concentration of a 

colored drug during a continuous powder blending process. Lastly, we intended to use the image 

analysis method to realize the indirect measurement of the concentration of a low-dose drug 

with the help of a colored tracer material.   
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2. Literature review 

2.1 Current trends in the pharmaceutical industry 

In the pharmaceutical industry, assuring that the patient receives a treatment of the 

specified quality is of utmost importance. Probably the most important steps towards this goal 

were the decision to adapt continuous manufacturing [1] and the release of U.S. Food and Drug 

Administration (FDA)’s Process Analytical Technology (PAT) initiative [2]. However, 

currently pharmaceutical manufacturing is still dominated by batch processes which operate 

without flexibility and robustness [3]. Due to its inefficiency and the fact that it is more difficult 

to understand these operations, batch manufacturing carries the risk of drug shortages caused 

by the inability to produce a batch of acceptable quality. As opposed to batch manufacturing, 

where the materials are charged into the system and the product is removed all at once some 

time later, while in the meantime no material moves through the boundary of the system, in a 

continuous process ingredients and products are continuously charged into and discharged from 

the system, respectively, through the entire duration of the process [4]. A continuous production 

line has many possible benefits including less impact on the environment, robustness, cost-

efficiency, furthermore the line fits into a much smaller space and a large amount of time and 

storage capacity can be saved, as there is no need to store intermediate products. Production 

becomes far more flexible, as the quantity of the manufactured product can be controlled by 

simply determining how long the line should operate, in contrast a batch process can only yield 

a fixed amount of product which can be detrimental in many situations, for example in a case 

where there is demand only for half as much. In the last five years, the first products 

manufactured on a continuous line have been approved by the FDA, these are: Vertex’s 

Orkambi (lumacaftor/ivacaftor), Prezista (darunavir) by Janssen, Verzenio (abemaciclib) from 

Lilly, Symdeko (tezacaftor/ivacaftor) also from Vertex and Pfizer’s Daurismo (glasdegib) [5].  

Fully continuous end-to-end lines have also been constructed by academic researchers [6]. 

Holman et al. [7] gave a spectacular demonstration of the potential of continuous manufacturing 

when they operated a continuous direct compression line for five days with a yield over 99% 

by using PAT tools and mathematical models for efficient control. 

Until recently, quality assurance in the pharmaceutical industry could be most easily 

characterized by the term Quality-by-Testing (QbT) [8]. Generally, this means that the 

manufacturing steps are performed according to a certain recipe, then the product is stored while 

analytical tests are performed to determine whether the quality is acceptable. When the product 

passes the test, it can be released, which means that it can go to the next step of the process. 
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However, when a quality attribute is out of specification, QbT does not give information about 

the source of the problem. Therefore, more efficient quality assurance methods have been 

proposed. The concept of Quality-by-Design (QbD) developed from the idea that instead of 

relying on frequent testing, quality should be designed into the product [9]. This can be achieved 

by analyzing which attributes of the product are essential to ensure safety and efficacy, this 

defines a Quality Target Product Profile (QTTP) which enables the identification of the Critical 

Quality Attributes (CQAs) of the product. The next step is the determination of how the 

properties of the starting materials and the values of process parameters influence the CQAs. 

This can be efficiently accomplished by executing a Design of Experiments (DoE). The 

attributes of the raw material which have a significant effect on the CQAs are called Critical 

Material Attributes (CMAs), while Critical Process Parameters (CPPs) are the process 

parameters which have a meaningful impact. When this process is correctly realized and the 

effect of CMAs and CPPs is accurately characterized, a Design Space (DS) can be established. 

A DS is effectively defined by the values of CMAs and CPPs which result in a product with 

appropriate CQAs. So long as the process operates inside this space, the CQAs of the product 

should meet the requirements. Clearly, QbD is a large improvement compared to traditional 

QbT protocols and its implementation can be greatly advantageous in manufacturing. However, 

it is possible to go even further by not only monitoring, but also controlling process variables. 

Quality-by-Control (QbC) is implemented when an active process control system is designed 

in accordance with hierarchical process automation principles based on a high degree of 

quantitative and predictive product and process understanding [5]. QbC can be essential in the 

handling of frequently occurring process disturbances [10] and also in the case of an unexpected 

interaction between process variables [11]. The implementation of QbC points towards smart 

manufacturing, also known as Industry 4.0 [5], where the abundance of data provided by real-

time sensors is processed by advanced predictive models. 

However, these boons can only be received with the proper implementation of PAT, 

which can be defined as: “a system for designing, analyzing, and controlling manufacturing 

through timely measurements (i.e., during processing) of critical quality and performance 

attributes of raw and in-process materials and processes, with the goal of ensuring final product 

quality” [2]. To summarize, the goal of PAT is to understand how the system behaves (how 

CMAs and CPPs impact CQAs), and utilize analytical methods which can measure these 

important parameters quickly enough so that real-time decisions can be made based on the 

information provided by them. With an understanding of how the system operates and the 
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ability to quickly measure essential parameters, a control scheme can be developed which uses 

sensor data combined with process understanding to ensure consistent process performance and 

product quality [12]. The utilization of PAT can lead to many great advantages, some of which 

are [13]: 

 Better understanding of the process 

 Reductions in production time by eliminating the need to wait for sluggish QbT 

methods 

 Due to efficient process control, rejected batches become less frequent and the 

yield of the process increases, the amount of waste is reduced 

 Decreases in manufacturing cost and energy consumption as a result of the 

previous two results 

 Possibility of the real-time release of the product 

From the perspective of this work, the last is the most interesting. Real-time release 

testing (RTRT) is defined as: “the ability to evaluate and ensure the quality of in-process and/or 

final product based on process data, which typically include a valid combination of measured 

material attributes and process controls [14]. Basically this means that the CQAs of the product 

are predicted in real-time during manufacturing, thus it can be immediately decided whether 

the product meets the requirements [15]. This is in contrast with QbT methods where usually a 

sample is taken for analysis at the end of the process, in this case it is not uncommon that the 

product is stored for hours or even days until the necessary analysis of CQAs is performed. 

Therefore, the implementation of RTRT not only improves the reliability of the quality 

assurance procedure, but also brings monetary benefits by enabling faster production and 

diminishing the need for labour-intensive off-line release testing [16].  

Consequently, the pharmaceutical industry could hit two birds with one stone by 

adapting PAT and more specifically, RTRT. The quality assurance of the manufacturing 

processes can be greatly improved, while at the same time production can become more 

economical. Thus, analytical sensors suitable for PAT should be studied more thoroughly 

in order to exploit the vast potential in this area. 
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2.2 PAT sensors 

 A PAT system cannot be realized without the proper analytical instruments. In general, 

an analytical sensor can be applied off-line (the sample is removed from the process and is 

analyzed in a relatively distant place), at-line (the sample is removed from the process and the 

analysis takes place close to the manufacturing appliance), on-line (a sampling loop is attached 

to the process stream to temporarily remove the sample then return it after analysis) and in-line 

(the sample is analyzed as it is inside the process) [12]. Off-line techniques are the simplest to 

implement, practically this is just the everyday utilization of an analytical appliance. At-line 

procedures are very similar, in this case there are basically two requirements: the method must 

be reasonably fast and the instrument must not be extremely large or sensitive, so that it can be 

placed near the manufacturing line. The real challenges begin with on-line applications. This 

necessitates a sensor which can execute a large number of measurements in the course of a 

manufacturing run, while at the same time it must be applicable in an on-line sampling loop. 

The construction of these sampling loops requires additional investments and it can be difficult 

to ensure that the conditions inside this loop are a satisfactory representation of the bulk of the 

process. In-line techniques come without this drawback, as in this case the sensor is immersed 

in the actual process. This leads to further difficulties such as the fouling of the sensor, however 

luckily there are already many analytical methods which can be used this way. Near infrared 

(NIR) spectroscopy [17], Raman spectroscopy [18], ultraviolet-visible (UV-Vis) spectroscopy 

[19], light-induced fluorescence spectroscopy [20], focused beam reflectance measurement [21] 

and digital cameras [22] can be used in-line. The true potential of PAT can only be realized 

with on-line or in-line sensors, with the rapid development of analytical methods, the list of 

available tools will become longer every year. In pharmaceutical manufacturing, NIR and 

Raman spectroscopy are very popular for the determination of the composition of products, 

content uniformity (CU) measurement is an essential example of this. Machine vision is an 

emerging technology which has already found applications in many fields of industry. Its 

capability of directly measuring the size and shape of particles makes it very promising in 

pharmaceutical applications as well. 

2.2.1 Near-infrared spectroscopy 

 The field of spectroscopy seeks to interpret the signals obtained from the interaction of 

electromagnetic radiation with matter [23]. Infrared radiation consists of photons with 

wavelengths between 780 and 100,000 nm. The part of this region which is closest to visible 

light is called NIR, it covers wavelengths from 780 to 2500 nm. When William Herschel 
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discovered NIR radiation in 1800, it was the first revealed part of the electromagnetic spectrum 

which is invisible to the naked eye [24]. However, the practical utilization of this knowledge 

came only 150 years later when the development of spectrometers finally enabled the 

exploitation of this field. Since then NIR spectroscopy has become an essential part of chemical 

analysis. 

 The energy carried by NIR photons is on a level that allows them to interact with 

molecules by exciting the overtones, combinations and resonances of the fundamental 

vibrational modes of molecules [24]. A NIR photon can only be absorbed when the energy 

given to the molecule creates an oscillating dipole. This means that the dipole moment 

accompanying the periodic movement of the bonded atoms needs to change. Another important 

factor is the degree of electric and mechanical anharmonicity of the vibrational mode, 

absorption of NIR photons is more likely when these values are high. Therefore, a polar 

chemical bond which generates highly anharmonic vibrational modes is likely to have strong 

absorptions of NIR radiation. Probably the most important example of this is the anti-symmetric 

stretching of oxygen and hydrogen in water molecules. Molecular groups where an H atom is 

bonded to a relatively heavy atom (C, N, O or S) and the vibration of strong chemical bonds 

such as C=O can also be detected with NIR spectroscopy, thus this technique can be very 

effective in the analysis of organic molecules. 

 As NIR spectra arise from the overlapping of many individual absorption bands, 

consequently they contain broad bands which are very hard to interpret just by looking for peaks 

belonging to certain chemical bonds [25]. Therefore, usually multivariate data analysis methods 

are utilized in order to extract meaningful information from these spectra.  

 

Figure 1. The NIR diffuse reflectance spectrum of drotaverine hydrochloride 
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On a NIR spectrum, the absorbance or transmittance is plotted against the wavelength of the 

light, however conventionally the latter is given in wavenumbers instead. Figure 1. shows the 

NIR diffuse reflectance spectrum of drotaverine hydrochloride, the spectrum clearly lacks sharp 

peaks. NIR spectra are also prone to be burdened with the effect of light scattering. This happens 

when the light is specularly reflected from angular surfaces, it is possible that this light then 

returns to the detector. This can cause serious issues, as the absorption profile is calculated by 

taking the ratio between reflected and incident light. Because of the scattering phenomenon, a 

part of the light entering the detector will consist of photons which have not interacted with the 

sample and thus carry no information about its chemical properties. Consequently, it is vital to 

ensure that the amount light scattering is as low as possible during measurements and that the 

level of scattering is constant between samples. The effects of scattering manifest in baseline 

shifts and non-linearities in the spectra [26]. Luckily numerous mathematical pretreatment 

methods exist that can help mitigate the harm caused by scattering. Multiplicative signal 

correction (MSC), standard normal variate (SNV), normalization and Savitzky-Golay 

derivation are commonly applied prior to the construction of chemometric models based on 

NIR spectra, Rinnan et al. give a detailed description of these techniques [26]. 

 With the assistance of multivariate data analysis methods, NIR spectroscopy has been 

utilized to measure the moisture content of various pharmaceutical products [27], the quality 

attributes of many kinds of food product [28], the composition of powders [29], tablets [30], 

capsules [31] and the physical properties of granulated material [32]. 

2.2.2 Raman spectroscopy 

 Scattering of light by matter can occur in two different ways [33]. In both scenarios, 

when a photon hits a molecule, its energy is used to transfer the molecule to a virtual higher 

energy state for a short time. Then, in the vast majority of cases, the molecule relaxes back to 

its initial state by releasing the same amount of energy while creating an identical photon, thus 

practically the only consequence of this interaction is a change in the direction of the photon. 

This is called Rayleigh or elastic scattering, this phenomenon cannot be used to gain 

information about the chemical composition of the sample. However, around 1 in 10 million 

times inelastic scattering occurs [34]. In this case during relaxation, the molecule releases a 

different amount of energy compared to the initial photon, consequently a photon with slightly 

higher or lower energy arises. When the photon loses energy, the process is called Stokes 

scattering, while anti-Stokes scattering refers to cases where the photon gains energy from the 

molecule, the latter happens less frequently. This phenomenon was predicted by Brillouin [35] 
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and Smekal [36] in the early 1920s and observed by Raman in 1928 [37]. Similarly to NIR 

spectroscopy, practical applications were realized only decades later. In this case the main 

limitation was that due to the rareness of inelastic scattering, only a handful of such photons 

can be observed and thus the signal is very weak. However, the invention of lasers in the 1960s 

solved this problem as these enable the generation of monochromatic photons with very high 

energy density [34]. Therefore, since then the inelastic scattering of photons can be efficiently 

studied, this field became known as Raman spectroscopy. 

 In contrast with NIR spectroscopy, where changes in the dipole moment of molecular 

bonds are required to gain a signal, in Raman spectroscopy the polarizability tensor needs to 

change [34]. As a result, the two types of spectroscopy give complementary information, since 

the vibration of a symmetrical bond does not generate a change in the dipole moment but the 

polarizability can change. This attribute of Raman spectroscopy is especially beneficial in the 

case of aqueous environments, as water molecules have a rather weak Raman signal, while their 

infrared absorption is very strong [38]. Generally, a Raman spectrum is a plot of the intensity 

of scattered light (given in arbitrary units) against the Raman shift given in wavenumbers [33]. 

The latter refers to the change in the energy (and thus the frequency or wavenumber) of the 

photons undergoing inelastic scattering compared to the original photons used for illumination 

of the sample. Therefore, the Raman spectrum basically gives information about how likely it 

is that the energy of a photon changes by a certain amount as a result of inelastic scattering. 

These spectra usually consist of sharp peaks which is another advantage over NIR spectroscopy. 

As each chemical bond gives a different signal, a Raman spectrum can be considered as a 

fingerprint of the molecule [33]. Figure 2. shows the Raman spectrum of drotaverine 

hydrochloride, it is evident that the peaks are generally narrower than in the NIR spectrum. 

 

Figure 2. The Raman spectrum of drotaverine hydrochloride 
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 Although at the first glance Raman spectra appear to contain much more information 

compared to a NIR spectrum, they are still burdened with some disturbances originating from 

the nature of the measurement. Many compounds are prone to fluorescence, when one of these 

is present in the sample, fluorescence leads to the appearance of a strong background signal 

[39]. The detectors are also susceptible to cosmic rays and Gaussian noise [40]. The 

combination of these undesirable phenomena make it difficult to differentiate between useful 

signal and noise. Fortunately, the proper mathematical pretreatments can mitigate this problem, 

in this case smoothing [41], baseline correction [42] and normalization techniques [43] are 

commonly utilized. 

 With the proper measurement settings and data analysis techniques, Raman 

spectroscopy has been successfully applied for many different purposes. It has been utilized for 

the detection of polymorphs during crystallization [44], as a sensor for feedback control during 

pharmaceutical powder blending [18] and for the measurement of API content and tensile 

strength of tablets [45]. 

2.2.3 Machine vision 

The art of capturing images of the world has been studied since the ancient age. After 

centuries of slow development, the daguerreotype process was invented in 1838, which marks 

the beginning of photography [46]. Although color photography was developed shortly after 

this, due to its cumbersome methods monochrome photography remained dominant in the next 

decades. The industrial utilization of photography was made possible by the introduction of 

digital cameras in the 1980s. Digital cameras are based on one of the two metal oxide 

semiconductor technologies, the charge-coupled device (CCD) and the complementary metal-

oxide semiconductor (CMOS). When a photon hits the photodetector, the detector gains an 

electrical charge. These charges are then amplified to gain the output of the detector. CMOS 

sensors have an amplifier for each pixel, while in the case of CCD sensors more pixels belong 

to one amplifier [47, 48]. Color images can be recorded by using various ways of separating 

the colors of the incident light. The most commonly used method is the Bayer filter which uses 

an array of red, green, and blue filters [49], this results in each pixel having a red, green or blue 

intensity value. The color image can be obtained after further processing called demosaicing 

during which the missing values are calculated with mathematical methods [50]. The 

arrangement of the color filters can be varied in many ways, and other different solutions are 

available as well, such as the Foveon X3 sensor, color co-site sampling, dichroic mirrors, and 

transparent diffractive filter-array [51]. 
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An industrial machine vision system consists of several vital components, successful 

implementation of such an apparatus is only possible when the conditions under which images 

are captured can be reliably reproduced. Figure 3. shows the most important parts of a machine 

vision system. 

 

Figure 3. Parts of a machine vision system: a) camera; b) objective; c) illumination; d); 

sample; e) scaffolding 

The heart of the system is a camera that should be carefully chosen by considering 

numerous parameters including the necessary resolution, how many frames per second must be 

recorded, and whether grayscale or color images are required. The camera should be equipped 

with an objective with the required focal distance and magnification. Illumination plays a vital 

role, the light sources should be installed in a way that ensures that the sample is illuminated 

with a uniform light distribution [52]. Due to the strict quality assurance requirements in the 

pharmaceutical industry, it should also be guaranteed that the light source can produce 

illumination of unaltered quality while it is part of the system. These parts are mounted on 

scaffolding or near an imaging window of the examined apparatus such as a crystallization 

reactor so that they are placed in a way that allows the appropriate measurement of the sample. 

The camera is connected to a computer that runs software that instantly evaluates the acquired 

images. 

There are many possible issues to consider while designing a machine vision system 

[53]. The camera and lens must be chosen according to the purpose of the inspection system. 
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Different models are best suited for tasks such as measuring the size of objects, checking for 

defects on the surface or evaluating the color of a sample. It should also be taken into account 

that there have never been two identical cameras, differences can be noticed even between two 

cameras of the same model [54]. Mathematical methods can be developed to correct these 

differences and ensure that the constructed evaluation model can work with multiple devices. 

The choice of illumination is also essential, since certain features of the product can only be 

measured when the right method is utilized [55]. The type of light source determines its 

emission spectrum, which must be chosen in a way that gives the best interaction with the 

sample. With proper lighting, contrast on the important parts of the sample can be greatly 

improved. The camera and the type of filter should be chosen in a way that it has good 

sensitivity of the utilized wavelengths. The technique of illumination also has a strong impact 

on the performance of the system.  

 

Figure 4. The most common methods of illumination. a) back lighting; b) diffuse lighting; c) 

directional lighting; d) dark field lighting 
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In the case of backlighting, the inspected object is between the light source and the 

camera (Figure 4). This is a useful technique for measuring the size of objects or check for the 

presence of gaps and holes. Diffuse (full bright field) lighting ensures even, multi-directional 

light. The utilization of such a technique should be necessary when the object has a curvy, 

specular surface. Directional (partial bright field) is the most commonly used technique, as it 

only requires a single light source pointed at a sample. This can give good contrast and is useful 

in cases where the surface of the sample is not specular. Finally, dark field lighting is generated 

when the light is incident at a low angle on the surface of the evaluated object. This technique 

is very effective in the detection of imperfections on mirrored surfaces. Figure 4. illustrates the 

four illumination methods. Replacing the light source can compromise the results of the utilized 

model. However, this can also be circumvented by mathematical methods [56]. The effects of 

ambient light should also be considered, as they can have a significant impact on the result of 

the analysis [57]. When ambient light is an issue, high power strobing, pass filter or physical 

enclosures can be utilized to neutralize its impact [55]. Furthermore, all appliances in a 

pharmaceutical manufacturing plant should comply with Good Manufacturing Practice (GMP) 

standards [58]. The equipment should be cleanable [59], as for example an in-line imaging 

probe immersed in a crystallization medium can easily carry contamination if it is used in 

different processes. Prior to utilization, the analytical techniques based on machine vision must 

be validated in order to prove that they can reliably measure the examined property [60]. 

Image analysis methods can also be differentiated based on the velocity of the examined 

sample against the axis of the optical system. In the case of static image analysis [61], this 

velocity is zero, the particles of the sample are dispersed and fixed in the object plane of the 

instrument. The area may be scanned by moving either the sample plate or the camera. When 

the particles are dispersed in a gas, a liquid or on a conveyor, dynamic image analysis [62] is 

used. Creating a reliable measurement method in such scenarios tends to be more challenging, 

as there are more factors which cannot be fully controlled (such as particles changing position 

relative to each other and the camera which can result in overlapping or out of focus samples). 

However, when these problems are solved, dynamic image analysis methods can be utilized for 

the real-time analysis of a process. 

Machine vision systems have some benefits when compared to vibrational spectroscopy. 

Digital cameras area cheap, they can scan large areas and the acquisition of images can be very 

fast, many cameras are capable of recording at a rate of several hundred frames per second 

(fps). This enables them to examine samples in situations where spectrometers are not 
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applicable (for example falling material). Thus, the utilization of machine vision has been 

suggested in many areas of pharmaceutical manufacturing where it can be an excellent PAT 

tool. These include crystallization [63], wet granulation [64], tableting [65], fluid bed coating 

[66], dissolution testing [67] and tracer measurements [68]. 

NIR spectroscopy, Raman spectroscopy and machine vision are very promising 

PAT sensors in the pharmaceutical industry. Their utilization can yield complementary 

information and can facilitate the realization of RTRT. Therefore their possible 

applications should be studied more thoroughly. 
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2.3 Methods of analyzing multivariate process data 

The data provided by PAT sensors often consists of a large number of variables. This is 

especially true for vibrational spectroscopy, where modern spectrometers usually record data 

for at least 1000 wavenumbers. Digital images are easily an order of magnitude larger, often 

containing millions of intensity values for each color channel. Without the proper mathematical 

methods, there is little hope of extracting meaningful information. Luckily, researchers 

recognized this problem long ago, therefore nowadays dimensionality reduction and regression 

methods are available in abundance. In this section, the techniques used in our work are 

described, however these represent only a small fraction of the accessible tools. 

2.3.1 Principal Component Analysis 

In general, Principal Component Analysis (PCA) is used to reduce the dimensionality 

of a dataset described by several dependent variables which are usually inter-correlated [69]. 

This is accomplished by using a linear combination of the original variables to create new 

orthogonal variables called Principal Components (PC)s. These new variables are calculated in 

a way that they describe as much of the variability of the data as possible. The number of 

calculated PCs can be decided by the user, each additional PC describes a smaller percentage 

of the total variability. In the case of a vibrational spectrum, usually 4-5 PCs are enough to 

describe 80-90% of the variability, typically at this point the remaining PCs would only increase 

this number by 1-2%. After the process is finished, the PCs can be used as the axes of a new 

coordinate system to plot the data, the coordinates of the data points along these new axes are 

the score values. By calculating how an eigenvector pointing in the direction of a PC can be 

produced with the linear combination of the original variables, the loading vector of that PC 

can be determined. The loading explains how the original variables contributed to the creation 

of the PC, this information can be very useful in the interpretation of the data. For example, 

when the spectra of tablets with different API contents is recorded (while other parameters are 

kept at constant values), it is likely that the largest variability in the data will be caused by the 

API content. Consequently, when the first PC is created, the wavenumbers (variables) where 

the API has a peak will contribute more strongly than wavenumbers where the API does not 

have a signal and thus its concentration does not influence the spectrum. In such a case the 

loading of the first PC can look quite similar to the spectrum of the pure API. The analysis of 

score and loading values can greatly facilitate the interpretation of data which would be 

incomprehensible without dimensionality reduction. PCA is an example of unsupervised 

learning [70], this means that the model can be created without supplying the values of a 
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dependent variable, therefore this method is useful for the exploration of data where it is not 

known which factor causes variability. 

2.3.2 Partial Least Squares regression 

 One of the most popular multivariate regression methods, Partial Least Squares (PLS) 

regression [71] shares many of its concepts with PCA. This method also created new variables 

from the linear combination of the original ones, in this case they are called Latent Variables 

(LV)s. The main difference from PCA is that PLS is a form of supervised learning, meaning 

that the creation of the models requires the value of a dependent variable for each sample. The 

LVs are calculated with two goals in mind: they must describe the largest portion of variable 

possible while at the same time they must correlate with the dependent variable. Apart from 

this the constructed models can be interpreted similarly to PCA as they retain the score and 

loading values. With an extension of the PLS method, it is also possible to predict multiple 

dependent variables at once, this is called PLS2 [72], although it relies on linear relations 

between the variables. 

 From the perspective of this work, the utilization of PLS for the prediction of properties 

of tablets based on vibrational spectra is of the most interest. Prior to the construction of the 

model, spectral data usually requires some sort of mathematical pretreatment in order to dampen 

the variability of the spectra caused by uncontrollable parameters of the environment, sample 

or spectrometer. Baseline correction can be used to remove environmental noise [73] and the 

effect of fluorescence in Raman spectra [74]. MSC [75] and SNV [76] are capable of alleviating 

the impact of varying particle size in the samples and stray light entering the spectrometer. 

Normalization can be useful when the samples have different thickness or surface dispersion 

[73], along with MSC and SNV these three techniques are called scatter-correction methods, 

they also adjust baseline shifts [26]. Calculating the first or second derivative of the spectra is 

a different approach, it can remove additive and multiplicative effects, it is recommended to 

perform a smoothing step first. Generally the spectra are also mean centered after the other 

pretreatments. 

 Another important decision during the creation of a PLS model is choosing the variables 

which are included in the model. Vibrational spectra often have parts where a poor signal-to-

noise ratio can be noticed simply by looking at the spectrum, in such cases the person creating 

the model can exclude these parts. However the remaining parts might not always contribute to 

the model in a positive way. A plethora of variable selection methods exist which aim to 

automatically select the variables which result in the best model [77]. Genetic Algorithm (GA) 
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is inspired by natural selection, this technique aims to find the most valuable variables by 

creating numerous models with different variables included. At first these are randomly chosen, 

then the performance of the models is evaluated and the less successful are discarded. The 

remaining more accurate models are allowed to reproduce to create a new generation, the new 

models are created by performing a cross-over of the variables in the surviving individuals. 

Mutations can also occur (meaning that the new individuals can have a variable that was not 

present in its ascendants) so that variables discarded or not even included in the earlier 

generations also have a chance to prove themselves. This process is repeated until the new 

generations are no longer significantly better than the previous ones. In the case of spectra, 

variables are not used by themselves but instead together with a certain number of their 

neighbors, this is called a variable window. Variable selection methods can result in models 

with an apparently higher performance, however the user must be careful to avoid creating an 

overfitted model which is very good at describing the calibration data but has problems in 

predicting new samples. 

 When constructing a model, it is also important to ensure that it generalizes well, this 

can only be achieved when overfitting is avoided. One of the simplest ways to evaluate whether 

the model is overfitted is the application of a cross-validation method [78]. In general, cross-

validation is performed by splitting the available data into a training and a validation set, this 

can be done based on various algorithms. The data assigned to training are used to construct a 

model, this model is used to predict the values of the validation samples. This is repeated 

multiple times, each time splitting the data differently. When the model is overfitted, it will 

give very accurate predictions for training samples, however the performance drops 

significantly for validation data. Thus, comparing the errors of training and cross-validation is 

an essential step in the construction of reliable models. Before a practical application, the model 

should also be tested by using samples which were not used in the construction of the model in 

any way, preferably samples which were prepared on a different occasion. This way it can be 

evaluated how the model responds when the conditions of the measurement are not the same. 

2.3.3 Artificial Neural Network 

 Artificial Neural Networks (ANN)s were created in an attempt to bestow the ability of 

learning like humans on machines [79]. Their working principle was inspired by the way a 

human brain processes information. The idea was that an ANN consists of small computational 

units called neurons. These neurons form multiple layers, where typically a neuron has a 

connection to all neurons in the previous and the subsequent layer, this architecture is called a 
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multilayer perceptron. Input data is fed into neurons in the first layer, this layer has a number 

of neurons equal to the number of variables in the data. A neuron processes information in the 

following way. The output from each neuron in the previous layer is multiplied by a weight 

which belongs to the connection between the two neurons, then the result of the multiplications 

is summed. Afterwards, a bias value is added to the sum, this can influence the importance of 

the neuron. This sum is then presented to a transfer function, this is responsible for the 

downscaling of data with a large absolute value (or sometimes the replacement of all negative 

data with zero). These operations determine the output of one neuron, this becomes the input 

of neurons in the following layer. When some data is fed into the ANN, the same process 

happens with all the neurons until we reach the last layer, where the output of the neurons is the 

network’s prediction. Networks working like this are called feed-forward networks. 

 The aforementioned weight and bias values are determined during the training process 

[80]. Firstly, a new ANN is created with random values. Then the training data is fed into the 

network and the output is compared with the target value. The difference of these two is used 

to calculate an error function, this is often a simple mean squared error. The next step is the 

most important, this is when the gradient of the error function is determined, which is used to 

change the values of the weights and biases in a way that it decreases error. The learning rate 

is used to adjust how large these changes are in each iteration, when the value of this factor is 

not set correctly training can become incredibly slow or the steps taken can be too large and 

thus the optimum cannot be found. This loop of feeding the training data and adjusting the 

weights and biases is repeated until it is found that the error cannot become lower or until a 

certain number of iterations has passed. This is called the backpropagation process. This can be 

accomplished with various training functions such as stochastic gradient descent [81], 

Levenberg-Marquardt (LM) [82] or Bayesian regularization (BR) [83]. However, the user 

should always be vary of overfitting which can easily occur with ANNs, models should be 

properly validated with independent test data before applying them in real-life situations. 

 The utilizations of ANNs in practically every scientific area are extremely bountiful. 

Multilayer perceptrons are excellent for classification and regression tasks, they possess the 

great advantage of being able to model nonlinear systems [72]. However, ANNs are capable of 

far more than that. With the advent of convolutional neural networks [84], it is now possible to 

classify objects on an image, this can lead to many beneficial such as the automated analysis of 

medical images. ANNs are clearly on of the most dynamically developing techniques in this 

century, therefore their application in pharmaceutical manufacturing should also be considered. 
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2.3.4 Support Vector Regression 

 Support Vector Machines (SVM)s are a very popular supervised learning method known 

for their robustness and good generalization ability [85]. They can be used for classification 

based on a simple idea. The goal of this technique is to define a linear hyperplane which 

separates the data points of different classes. This hyperplane can be defined using either a soft 

or a hard margin. In the case of a hard margin, the plane must separate all of the training 

samples. However, this approach could result in models which perform poorly when predicting 

new samples, as the presence of outliers in the training data can lead to the calculation of a 

poorly placed plane. Therefore, usually a soft margin is used which allows for some 

misclassifications in the training data, but the model will likely be more accurate with data not 

used in the training. When the classes are not separable with a linear plane, it is possible to use 

a kernel which transforms the data into a higher dimension where a linear plane is applicable. 

As a simple example, this can work in the following way. Suppose that we have data in one 

dimension which is not separable by a hyperplane (a threshold point in this case). We can utilize 

a second-order polynomial kernel to transform the data into two dimensions, where the first 

dimension is the original value of the data, while the second coordinate will be the square of 

the values. It is possible that now we can draw a line that separates the groups. If not, then we 

can transform it into third dimension, where the third coordinate is the cube of the original 

values. We can check if there is a plane in this space that correctly separates the group, this 

pattern can be followed until it gives a satisfactory result or other types of kernels can be tested. 

 This principle can be generalized into a regression method [86]. In this case, the method 

attempts to estimate a continuous-valued multivariate function. Such a function is a surface in 

the multidimensional space, Support Vector Regression (SVR) attempts to describe it in a way 

that none of the calibration points are farther away from it than a certain ε value. It is also 

possible to use a soft approach here where some data points can be farther than this value. When 

the function is not a linear hyperplane in the original space, kernels can again be used to 

transform the data into a higher dimension where the function is linear, then SVR can estimate 

is. 

2.3.5 Random Forest 

A Random Forest (RF) is an ensemble of decision of regression trees [87]. A regression 

tree is built using a few basic principles. Generally, it makes predictions based on answers to 

some simple questions (for example is the value of variable X greater than a certain number)? 

The predicted value for samples with an X value smaller than the threshold will be the average 
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value of all the training samples which have a smaller X value and likewise for samples with a 

higher X value. The value of the threshold is determined by placing it between each consecutive 

sample and calculating the sum of squared residuals each time. The place where the sum of 

residuals is the smallest will be the first splitting point in the data, this is called the root of the 

tree. The next splitting point is determined with the same algorithm. After the root, both parts 

of the data can be split again. In order to avoid overfitting, a minimum number is defined, if the 

number of data points is smaller than this then splitting is no longer allowed, the average value 

of these data will form a leaf on the tree. The building of the tree continues until all paths end 

in leaves. When there are more than one input variables, the optimal threshold is determined 

for each variable and the one that gives the lowest prediction error will be chosen as the splitting 

criterium. 

2.3.6 Image analysis 

2.3.6.1 Pretreatment of images 

An image can be defined as a multivariate dataset consisting of two kinds of 

information: spatial and spectral. When the imaging equipment scans a two-dimensional 

surface, the location of each scanned point is called a pixel, defined by the x and y coordinates 

on the plane. Spectral values are associated with each pixel, the number of channels depends 

on the type of the image. Grayscale images characterize each pixel with only one value, the 

lightness [88]. Color images usually utilize three values to describe color. The most commonly 

used RGB (red, green, blue) color space refers to colors with a red, green and blue intensity 

value [89]. Information can be converted into other color spaces such as CIELAB (lightness, 

green-to-red value, blue-to-yellow value) [90], HSV (hue, saturation, lightness) [91] and 

CMYK (cyan, magenta, yellow, black) [92]. These color spaces can be assigned to three 

categories based on how they display images on different devices, the categories are: device-

dependent, user-oriented and device-independent [93]. 

Prior to the extraction of information, images are usually subjected to some sort of 

pretreatment. These operations include image correction (replacement of missing or misplaced 

values), image enhancement (altering the properties of the image to make it more appropriate 

for the goal of the analysis), image restoration (removing corruption caused by noise, movement 

blur or lack of proper focus) and image compression (reducing the storage capacity requirement 

of the image) [94]. Pretreatment is followed by segmentation. In order to evaluate the 

characteristics of the examined object, this object needs to be differentiated from the 

background and other objects which are not of interest. A great variety of algorithms have been 



30 

 

developed for different segmentation problems [95]. Defining a gray value threshold that 

separates the sample and the background can be a simple solution [96]. Depending on the 

application, a single, global threshold might be sufficient, while in other cases, local threshold 

values can be calculated for different regions of the image by considering the properties of these 

areas [97]. The value of the threshold can be selected manually, however utilizing an algorithm 

to calculate the value is more likely to produce a good result. Thresholding can work on both 

grayscale and color images [98]. 

2.3.6.2 Feature extraction 

 In an industrial utilization, acquiring images can have two main purposes: classification 

and quantification. Digital images contain a large amount of information which is seldom 

appropriate for analysis without a dimensionality reduction step. In general, feature extraction 

is a process that aims to represent this information by creating feature vectors that describe the 

analyzed property of the image in a more manageable way. Three main types of information 

can be extracted from an image: color, texture and shape [99]. 

Color is perhaps the most straightforward feature that can be measured using cameras 

and it can be a crucial quality attribute of certain products. Based on the applied color space, 

color information is usually represented by assigning three intensity values to each pixel. This 

information can be used to quantify the concentration of colored active pharmaceutical 

ingredients (APIs) such as vitamins [20, 100] in a product or to classify objects by evaluating 

whether their color meets the requirements [101] (for example coated tablets [102]). The 

simplest representation of color distribution are color moments, the three central moments are 

the mean, standard deviation and skewness [103]. Histograms of the gray values are commonly 

used to quantify the color of an image [104]. The appropriate feature can be selected by 

considering how much information we need about the spectral and spatial distribution of the 

color. 

Texture represents the smoothness or roughness of a surface (an important characteristic 

of tablets, pellets or granules [105]), in a mathematical sense this manifests in the spatial 

variation of pixel intensity values [106]. There are four different approaches to analyze texture: 

statistical, structural, model-based and transform-based [107]. Statistical methods attempt to 

describe the stochastic properties of the distribution of gray levels. Structural methods utilize 

simple texture elements (texture primitives) and spatial arrangement rules to describe the 

texture. Texture primitives can be characterized by their area, perimeter, degree of eccentricity 

and direction [108]. Model-based methods create an empirical model of the texture, the 



31 

 

parameters of the model are estimated by using the textured image [107]. Transform-based 

methods convert the image into a new space, which is usually the frequency domain. Commonly 

used methods are Fourier transform [109], Gabor transform [110] and wavelet transform [111]. 

The evaluation of some products requires the objective characterization of their shapes 

and size, this is a vital quality attribute of pellets [112] and the products of crystallization [113]. 

As the shape of particles in pharmaceutical powders is usually not similar to ideal geometric 

formations, various shape descriptors have been invented to highlight at least their most 

important features [114]. 

Olson [114] gives a description of these parameters. The sum of all pixels representing 

the particle on the image yields the area of the particle. The circular equivalent diameter is the 

diameter of a circle with the same area as the particle. The main dimensions of the particle are 

commonly described with Feret’s diameter, also called caliper diameter. The maximum Feret’s 

diameter is the furthest distance between any two parallel tangents on the particle. Similarly, 

the minimum Feret’s diameter is the shortest distance between any two parallel tangents on the 

particle. The elongation of the particle is often measured with the aspect ratio, which is defined 

as the ratio of the maximum and minimum Feret’s diameter. The major axis of the particle 

passes through the center of mass of the object corresponding to the minimum rotational energy 

of the shape, the minor axis is perpendicular to this and also crosses the center of mass. The 

length of the particle is the maximum distance between any two points on the perimeter of the 

particle parallel to the major axis, the width is the same along the minor axis. The total length 

of the boundary of the object is the perimeter. The convex hull perimeter is the perimeter of a 

shape wrapped around the particle in a way that it does not follow the particle boundary where 

the boundary is concave. The area of this object is the convex hull area. Convexity is the ratio 

of the convex hull perimeter and the actual perimeter. Solidity is calculated by dividing the area 

by the convex hull area. Circularity measures how similar the particle is to a circle, the rougher 

the edge is, the smaller this parameter becomes. With a proper choice of descriptors, the effect 

of operations on the particle shape can be effectively visualized [115]. Also, when comparing 

data from different sources, care should be taken as different computation algorithms 

sometimes calculate the same parameter with significantly different results [116].  
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2.4 Utilization of PAT tools in pharmaceutical processes 

2.4.1 Dissolution testing 

 In vitro dissolution testing made its first appearance in pharmacopoeias around 35 years 

ago [117]. The main purpose of this technique is to gain relevant information about the in vivo 

behavior of the manufactured pharmaceutical tablet formulations without including slow and 

complex in vivo tests in the routine quality inspection procedures. A properly developed 

dissolution testing method is capable of discriminating samples the in vivo performance of 

which is significantly reduced due to deviations during the manufacturing process. Standard 

dissolution testing appliances use UV-Vis spectrophotometry or high performance liquid 

chromatography (HPLC) to measure the amount of released drug in a span of several hours. 

This is appropriate in the case of traditional batch manufacturing processes, where storing 

intermediate or end products for hours or days before releasing is common practice. However, 

this method might not fit into an environment where a continuous manufacturing line is 

monitored by PAT sensors. As dissolution testing in an especially lengthy in-process control 

(IPC) measurement, the RTRT of this technique can potentially save vast amounts of time, 

energy and money, while at the same time the number of analyzed samples can increase 

drastically. In the case of dissolution, the implementation of RTRT relies on surrogate models 

which predict the dissolution profile of the tablet based on various sources of information. 

 During the development of a pharmaceutical product, surrogate modeling of in vitro 

dissolution can have two main purposes. The first is connected to early development, where 

first-principles models [118, 119] can be created to improve our understanding of how 

formulation parameters impact dissolution performance. These are based on physical models 

of dissolving particles and can be established with only a handful of measurements. By the time 

the product reaches later stages of its development and large-scale production needs to be 

realized, usually enough information has been collected to enable the construction of data-

driven surrogate models based on statistical and/or chemometric regression algorithms [120]. 

Such models can utilize data from two different sources. The first is off-line determined CMAs 

(blend composition, particle size distribution (PSD) of the drug) and known process conditions 

(compression force, blending time). The second approach is to implement real-time, non-

invasive sensors to measure various attributes of the tablets or intermediate products used for 

tableting [15]. NIR spectroscopy is the most common of these techniques, as it shows great 

sensitivity to many important chemical and physical attributes [121] and its applicability of 

measuring up to 125,000 tablets/hour was demonstrated [122]. Other possible candidates are 
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Raman spectroscopy [34] and terahertz spectroscopy [123]. CMAs and PAT sensor data have 

been used separately for a long time, however researchers have recently realized the potential 

of combining the two methods [120]. This idea is supported by the QbD approach [124] which 

encourages the exploitation of both CMA and CPP measurements to ensure that the product is 

of the desired quality. It is crucial to build the most robust dissolution prediction models 

possible, as surrogate modeling of in vitro dissolution for RTRT is considered a high-risk 

method, meaning that the predicted CQA will not be measured with independent techniques 

[16]. 

 The possible correlation between NIR spectra and the dissolution properties of tablets 

has been studied since the early 1990s [125, 126] and great progress has been made in those 30 

years. As the currently dominant method in surrogate dissolution modeling, NIR spectroscopy 

has been applied for many different formulations. To extract meaningful information from the 

spectra, PCA was used for dimensionality reduction, and PLS was used for regression in most 

of the following examples. An important advantage of PLS is that it can be extended to predict 

multiple dependent variables at once via the PLS2 algorithm, that is to predict multiple points 

of the dissolution curve simultaneously. NIR spectra can be used to extract information about 

a large variety of tablet properties, which can consequently be used to predict the dissolution 

profile. So far the following factors have been studied with the help of NIR spectroscopy in 

order to construct dissolution prediction models: the amount of mixing with magnesium-

stearate [127], the level of strain [128], the amount and particle size of disintegrant via NIR 

chemical imaging [129], the ratio of two polymorphic forms [130], API content and 

compression force measured at-line during a continuous direct compression process [15], 

compression force and API particle size in the case of bilayer tablets with two APIs [131], NIR 

data combined with process parameters (disintegrant concentration, lubricant concentration, 

compression force, dwell time, lubrication blend time, and particle size) [132], various 

manufacturing and storage conditions [133] and the amount of sodium starch glycolate and 

compression force [134]. Raman spectroscopy has also been utilized for similar purposes. 

Müller et al. [135] applied an in-line Raman probe to record spectra during a film coating 

process. The spectra were correlated with the mean dissolution time of the tablets and the 

coating thickness determined by terahertz pulsed imaging. Nagy et al. [121] compared the 

performance of transmission and reflection NIR and Raman spectroscopy in the prediction of 

the dissolution profile of matrix sustained release tablets, data fusion of these techniques was 

also tested. 
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 So far, surrogate dissolution prediction models have been constructed by relying almost 

exclusively on the PLS method either by creating individual models to predict each time point 

or with a single PLS2 model. However, ANNs have also emerged as strong function 

approximators [136], thus their applicability in this field might have great potential. Indeed, 

during the last decades, multiple authors demonstrated that it is possible to predict the 

dissolution properties of tablets based on their already available formulation and dissolution 

data [137, 138] using ANNs. ANNs are especially popular when it comes to the optimization 

of a formulation, meaning that the researchers intend to find the tablet composition and process 

parameters which yield the desired drug release profile. Many such works were published in 

the last 20 years [139, 140]. However, these works did not intend to create surrogate models to 

predict in vitro dissolution profiles based on PAT data for quality assurance purposes. Factors 

influencing drug release were API content, matrix polymer content and compression force. 

Apart from ANNs, numerous other machine learning algorithms have also been used to assist 

the development of pharmaceutical products. SVR is often used to predict the behavior of 

potential API molecules based on their molecular descriptors [141] but it has also been used for 

the optimization of extended-release matrix tablets, where it predicted the amount of dissolved 

API based on the composition of tablets [142]. Random forest (RF) methods have also been 

utilized in the research of potential novel APIs [143] and have multiple applications in 

formulation development [144]. Akseli et al. [145] compared a RF approach with SVM and 

other machine learning methods for the prediction of the breaking force and disintegration time 

of tablets. Petrović et al. [140] used a decision tree to determine the  interval of dissolution 

achieved at certain time points based on the properties of hydrophilic and lipid matrix tablets. 

These results imply that both SVM and regression tree approaches might be suitable for the 

prediction of dissolution profiles, however the performance of these methods has not yet been 

compared. 

 The prediction of the dissolution profile of an extended release formulation can be even 

more beneficial, as larger amounts of time can be saved by replacing the long measurements. 

So far, most works related to the dissolution prediction of sustained-release formulations were 

studying film coated tablets [146, 147] or pellets [148] where the coating material was 

responsible for the modified behavior. A different approach to realize sustained release is the 

utilization of hydrophilic matrix polymers. In these systems, contact with water causes the 

polymer matrix to swell and form a gel layer, through which the API is released via diffusion 

at a steady rate [149]. The performance of such formulations depends strongly on the properties 



35 

 

and amount of the used matrix polymer. The percentage of the matrix polymer should be higher 

than the percolation threshold, which marks the amount required to form a gel layer which is 

completely homogeneous and coherent through the whole tablet, when this condition is met, 

robust drug release can be expected [150]. The percolation threshold is determined by the 

properties of the matrix polymer, one of which is the particle size. Miranda et al. [151] showed 

that with higher particle sizes, more polymer is required to reach the threshold. Therefore, 

models attempting to predict the dissolution rate of such formulations should consider these 

factors. The PSD of the API is also an important attribute which can determine the rate of drug 

release [132]. In the work of Nagy et al. [121] it has been shown that ANNs are capable of 

predicting dissolution profiles of sustained-release tablets based on spectroscopy and process 

data, and their performance has been compared to PLS. Factors influencing drug release were 

API content, matrix polymer content and compression force. However, to our knowledge, so 

far there is no publication in which the PSD of the components of the tablet is considered while 

predicting the dissolution profile of sustained-release tablets. Thus, the possibility of combining 

data from PAT sensors with CMAs to predict in vitro dissolution profiles for RTRT with an 

ANN has not yet been evaluated. Furthermore, it also unknown how SVM or Regression Trees 

perform in this application. 

 The development of surrogate models for the prediction of the in vitro dissolution 

profile of pharmaceutical tablets is a crucial step towards the RTRT of these formulations. 

NIR and Raman spectroscopy can be invaluable tools in this process, as they are capable 

of providing essential real-time information about the composition of the tablets. Data 

from other sensors can also be utilized to yield additional insight into attributes which 

cannot be measured with vibrational spectroscopy. Various machine learning methods 

can be applied to process these combined datasets, so far only PLS has been thoroughly 

studied for this purpose. Therefore the capability of other methods such as ANN, SVM 

and RF should also be studied in order to find the best candidate.  

2.4.2 Continuous blending 

 Most pharmaceutical products consist of more than one component, therefore it is 

essential to develop techniques which ensure that these are distributed equally through the entire 

batch. API  content uniformity (CU) is one of the most important CQAs of the end product [18], 

deviations from the target value in either direction pose a significant threat, as the medication 

can lose its effect entirely or serious side effects may occur. In traditional batch manufacturing 

processes, mixing of powders is typically carried out by filling the components in a large tank 
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which is rotated for a given amount of time or in a blender equipped with rotating mixing 

elements. Determining the efficiency of such a procedure can be challenging, as many samples 

must be analyzed taken from different parts of the large volume. Segregation of materials with 

different PSDs is also a considerable risk [152]. The implementation of continuous processes 

can be especially beneficial in this area, as mathematical modeling enables the prediction of the 

output of the mixer [153] while analysis of the product becomes more efficient as small volumes 

of product leave the equipment in each time interval, this can be measured in real-time with 

various PAT tools. So far, NIR spectroscopy has been the most commonly used PAT tool in 

the monitoring of continuous mixing. Gao et al. used NIR spectroscopy to measure the 

residence time distribution (RTD) of a process where an API is mixed with an excipient [153]. 

NIR spectroscopy was utilized by Singh et al. to monitor the bulk density of the product of a 

continuous blender incorporated in a continuous direct compression manufacturing line [154]. 

Light induced fluorescence (LIF) spectroscopy can also be used to measure the concentration 

of the API in powder blends [155]. Raman spectroscopy has not been used in the monitoring of 

continuous mixing until recently [18]. Nagy et al. created a ‘Process Analytically Controlled 

Technology’ (PACT) by utilizing Raman spectroscopy to measure the API concentration in the 

product of continuous twin-screw blending process, this signal was used to create a feedback 

control of the API feeder [18]. These techniques not only enable us to examine the homogeneity 

of the produced blends, but also allow the construction of RTD models. These provide 

information about the behavior of the material inside the blender, they can be used to determine 

the factors influencing the residence time [156]. Residence time can be related to the efficiency 

of the mixing process and if a contamination occurs, the transfer function of the process can be 

used to predict the distribution of contaminants in the system [156]. 

 As the API content becomes lower, the difficulty of developing a reliable mixing method 

becomes more challenging, as obtaining a homogeneous blend is more difficult when a 

component is present in a very small amount [157]. In the case of continuous manufacturing, 

finding the correct mixing equipment solves only a part of the problem, as these technologies 

(typically) also require a PAT tool that can accurately quantify the amount of API at such low 

concentrations. Generally, a product is considered low dose when it contains less than 2 w/w% 

API [158]. At such concentrations, especially below 1 w/w%, NIR and Raman spectroscopy 

become less accurate and chemometric models must be constructed especially carefully in order 

to avoid significant measurement errors [159]. Indeed, few works have been published, in which 

the amount of API is quantified at levels below 0.5 w/w% and even these are not necessarily 
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suitable as a PAT tool. Alcalá et al. [159] used transmission NIR spectroscopy to measure the 

API content of tablets at concentrations of 0.01-5 w/w%. They found that when very low 

concentrations are measured, it is advantageous to use a calibration covering a narrower range 

around the target. Li et al. [160] utilized Raman mapping to quantify the API concentration of 

powders at levels around 0.1 w/w%. While a low limit of detection and good accuracy were 

achieved, this technique cannot be used as a PAT tool. Igne et al. [161] studied the applicability 

of LIF spectroscopy for the monitoring of API content inside the feed frame of a tablet press. 

It was found that low errors can be achieved when measuring concentrations around 0.67 w/w% 

and after further improvement, LIF could become a reliable PAT instrument. These results 

imply that measuring API content in the sub 1 w/w% range is not a trivial task, this area could 

greatly benefit from innovative solutions. In the case of colored APIs, color measurement can 

potentially become a method of great sensitivity. This can be accomplished with digital 

cameras, which are a promising PAT tool in the pharmaceutical industry, as indicated by its 

various applications [22, 162, 163]. Digital cameras can acquire data in real time, they require 

no sample preparation, measurements are fast and non-invasive, while they are also far cheaper 

than spectrometers, therefore their application can be desirable in many situations. Casian et al 

[164] compared the performance of NIR spectroscopy, Raman spectroscopy, colorimetry, and 

image analysis in the quantification of the meloxicam (a yellow drug) content of electrospun 

amorphous solid dispersions. They found that the image analysis method was capable of 

differentiating samples based on their meloxicam content, however, the predictions it gave were 

not accurate enough for an appliance in the pharmaceutical industry. In contrast, a mid-level 

data fusion of data from the four instruments with an artificial neural network yielded better 

results, implying that image analysis can become a supplementary PAT tool. Mészáros et al. 

[65] used a digital camera to determine the API content of tablets containing meloxicam, a 

yellow drug, with a target concentration of 2 w/w%. With the developed method, it was possible 

to predict the API content of tablets with 2 w/w% drug with a relative error of approximately 

5%. Durão et al. [20, 165] and Gosselin et al. [100] compared an RGB camera with a NIR and 

a LIF spectrometer to evaluate their capability of measuring the concentration of various 

vitamins in vitamin blends inside the feed frame of a tablet press. They found that for some 

compounds, the RGB camera can sufficiently measure the concentration. Colored particles can 

also be applied in order to determine the ideal mixing time of a process. When particles of 

different colors are homogenized, a simple image carries valuable information about the 

homogeneity of the blend. Daumann et al. [166] studied a twin-shaft-paddle laboratory mixer 

by partially replacing the particle fraction which distribution is important with a colored tracer 
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material with similar properties. A camera was placed above the mixer to record images during 

the process. The images were used to determine the dispersion coefficient of the process which 

enables the calculation of the mixing efficiency. With this information, it is possible to 

determine the mixing time which is necessary to achieve adequate homogeneity. Nguyen et al. 

[167] examined the redistribution of fine particles between large carriers. Micronized lactose 

was mixed with white mannitol pellets, this blend was then mixed with dyed mannitol pellets. 

As the fine particles moved from the white to the colored pellets, the color of the samples 

withdrawn from the mixer changed. This enabled the authors to determine how long the 

redistribution takes. Liu et al. [168] used a video camera to measure the mixing of white and 

red plastic balls inside a rotating drum. They compared two methods to quantify the mixing 

quality. The variance method separates the image into a certain number of cells, the variance 

of the concentration of red pixels between these cells is computed. In contrast, the contact 

method aims to count the contacts between red and white pixels. It was concluded that the two 

methods give significantly different results with the contact methods being more accurate. In 

the following work, Liu et al. [169] measured particle mixing and heat transfer simultaneously 

inside a pan coater with an RGB and a thermal infrared camera. The coater was first filled with 

only white balls, later pre-heated red balls were added. Mixing was measured using the 

aforementioned contact method, while the infrared camera measured the distribution of heat. 

This could help to realize the examination of interactions between mixing and heat transfer. 

Ammarcha et al. [170] implemented an on-line image analysis to assess the homogeneity of the 

product of a continuous powder mixing process. A segregating mixture was created by feeding 

coarse and fine couscous particles from loss-in-weight feeders into a continuous mixer. The 

product fell on a conveyor above which a line scanner camera recorded images. By calculating 

the coefficient of variation from the images, the effect of process variables on the mixing 

efficiency could be quantified. 

 The analysis of relevant literature has shown that there is a scarcity of sensors 

capable of measuring concentrations in the sub 2 w/w% range in real time. Such 

techniques would be greatly beneficial in the evaluation of the efficiency of mixing 

processes. However, image analysis of colored materials has a vast potential in this area, 

as some substances can be detected even in low concentrations with good sensitivity. Thus 

it might be possible that in some instances image analysis can be utilized for the in-line 

measurement of the concentration of colored ingredients in the product of continuous 

blending. 
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2.4.3 Continuous twin-screw wet granulation 

 The efficiency of the tablet manufacturing process depends strongly on the flow 

properties of the processed powder. A powder with poor flowability might cause the uneven 

filling of the dies, which leads to variability in the weight of the tablets and consequently, the 

API dose [171]. The segregation of components with different PSDs is an additional menace. 

Thus, it is crucial to eliminate this source of variability by ensuring that the tableted powder 

behaves accordingly. This can be realized with granulation, which has two major forms: dry 

[172] and wet granulation [173]. Continuous twin screw wet granulation (TSWG) is a 

promising technique in this field with many considerable benefits compared to its batch 

counterparts [174]. One of these advantages is that it is easier to monitor the PSD of the granules 

in real-time compared to fluidized bed granulation. Considering the purpose of granulation, 

PSD is definitely a CQA of the product, therefore its real-time measurement can be invaluable 

in quality assurance. The in-line measurement of PSD is a cumbersome task in the case of 

fluidized bed granulation, as an in-line camera is constantly exposed to fouling, particles are 

moving fast, fluidization might not be sufficient near the probe, particles often overlap and the 

product tends to have a broad PSD. Consequently, researchers opted to use on-line solutions 

[175]. However, monitoring the output of a twin screw granulator is a more forgiving task, the 

granules can fall on a chute or a conveyor, these provide a reliable measuring environment, see 

Figure 5. for an image recorded on a chute.  

 

Figure 5. Image of granules leaving a TSWG, recorded with a digital camera mounted above 

a chute. 
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El Hagrasy et al. [176] attached an Eyecon® 3D imaging system to the outlet of a twin 

screw granulator. They aimed to evaluate whether the imaging system is capable of sensing 

changes in particle size caused by perturbances in the liquid/solid (L/S) ratio. It was found that 

d10 and particle count data are the most responsive parameters, while d50 and d90 have a higher 

variation which hinders their successful utilization. Sayin et al. [177] used the Eyecon® system 

in a similar setup to study the influence of distributing feed screws and kneading elements 

together with the L/S ratio. Their findings were similar to that of the previous article, d10 and 

particle count performed sufficiently while d50 and d90 were not applicable due to their high 

inherent variation. Kumar et al. [178] also used the Eyecon® after a twin screw granulator. The 

L/S ratio, material throughput and screw configuration were varied between experiments, the 

results of image analysis were compared with off-line sieve analysis measurements. They 

concluded that particles between 250-1000 μm in diameter could be reliably measured, but for 

fines and oversized granules, the image analysis algorithm needed to be improved. Madarász et 

al. [22] were the first to use in-line acquired image analysis data to implement feedback control 

of a TSWG system. A camera was mounted on a metal chute placed after the twin screw 

granulator, captured images were analyzed with an in-house written software. The accuracy of 

size determination was evaluated with off-line microscopic measurements. The real-time 

acquired data was used to control the particle size of the product by setting the speed of the 

peristaltic pump dosing the granulation liquid via a feedback control algorithm. The resulting 

setup is a PACT where the data acquired by a PAT sensor is used in feedback control of the 

system. Meng et al. [64] used the Eyecon® technology along with NIR and Raman spectroscopy 

to monitor a TSWG process. All three sensors were placed above a conveyor which transported 

material leaving the granulator. They found that d10 parameter measured by Eyecon® can be 

effectively used in process monitoring and control, NIR spectroscopy can predict various 

physical properties of the granules and Raman spectroscopy can be used to monitor the drug 

content of the product. 

 The in-line measurement of API content of the granules has also been realized by several 

authors. Rehrl et al. [179] used a NIR spectrometer for the in-line measurement of granules 

with 4 w/w% target API content, the relative root mean squared error of prediction (RMSEP) 

of the developed PLS model was 9% at this level. Meng et al. [64] placed a Raman spectrometer 

above a conveyor where granules fell upon leaving the TSWG apparatus. This way they 

measured the API content of the granules, the relative RSMEP was reported to be 13% for the 

nominal content of 8 w/w%. Harting et al. [180] also used Raman spectroscopy for the in-line 



41 

 

measurement of the API content of granules. Two APIs were measured in concentrations 

between 5 and 50 w/w%, the RMSEP value was 0.59 w/w% for ibuprofen and 1.5 w/w% for 

diclofenac sodium. In a subsequent work [181], the authors improved the measurement method, 

reducing the RMSEP for diclofenac sodium to 0.3 w/w% in samples between 5 and 25 w/w% 

concentration. These results demonstrate that API content is also a CQA which can be 

monitored in-line. However, sometimes the API is present in much smaller quantities. One of 

the benefits of TSWG is that it can ensure the effective homogenization of components which 

are present in very small concentrations by dissolving said components in the granulation liquid. 

This is ideal in the case of hormone APIs (which usually have doses in the µg range, this 

typically means concentrations below 0.1 w/w%), provided that their solubility is high enough 

to create a granulation liquid of the required concentration. Démuth et al. [174] demonstrated 

this with ultra-low dose (0.035 w/w%) carvedilol tablets, they found that tablets compressed 

from granules manufactured on a TSWG apparatus have excellent homogeneity. Fülöp et al. 

[182] implemented a continuous manufacturing line consisting of a TSWG, a continuous fluid 

bed dryer and a continuous sieving unit to produce granules containing carvedilol in a 

concentration of 0.05 w/w%. Therefore, the need arises to create a PAT tool which is capable 

of measuring concentrations in the sub 0.1 w/w% range. 

 At such low levels, direct measurement of the API content is very problematic, 

however an indirect approach could have potential. For this purpose, a tracer material 

might be the best choice, this means a component with a very strong signal which enables 

its detections even in low concentrations with certain instruments. Food dyes are a simple 

example of this, they were designed to give a strong color even in relatively small amounts. 

So far there are no examples in literature where the API content of granules is measured 

with an indirect machine vision approach, thus this possibility should be investigated. 
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2.5 Objectives 

 After surveying the current ‘state of the art’ related to the applications of PAT sensors 

in pharmaceutical manufacturing, the main objectives of the experimental work could be set 

up: 

 the application of Artificial Neural Networks for the prediction of the in vitro dissolution 

profile of extended release tablets based on near-infrared spectra, Raman spectra and 

compression force data, and the comparison of the developed method to Partial Least 

Squares; 

 the augmentation of dissolution prediction models with particle size information, the 

comparison of methods to represent particle size data and the comparison of the 

performance of Artificial Neural Networks with Support Vector Regression and 

Random Forest approaches; 

 to evaluate the applicability of machine vision as a PAT tool for the real-time 

measurement of colored API content during continuous blending; 

 the development of a machine vision-based indirect method for the real-time monitoring 

of ultra low API content in the product of continuous twin screw wet granulation.  
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3. Materials and methods 

3.1 Materials 

3.1.1 APIs 

Drotaverine hydrochloride (DR) 

 DR is used as an antispasmodic drug, however it also shows promise in the treatment of 

irritable bowel syndrome [183]. It was used as a model drug in our studies, thus the utilized 

formulations are not intended to be of clinical relevance. DR is an odorless powder with yellow 

color, it has a molar mass of 397.507 g/mol. It was obtained from Sigma Aldrich (Munich, 

Germany). 

 

Figure 6. The constitution of DR [18] 

Riboflavin (RI) 

 RI, also known as vitamin B2, is an essential nutrient for humans. It is a powder with a 

small particle size and intense orange color, its molar mass is 376.364 g/mol. Due to its intense 

color, RI is used as a food colorant with the E number E 101 [15]. It was purchased from Sigma 

Aldrich (Munich, Germany). 

 

Figure 7. The constitution of RI [15]  
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Carvedilol (CAR) 

 CAR is a non-selective beta adrenergic receptor blocker and an alpha adrenergic 

receptor blocker. It is utilized in the treatment of hypertension and congestive heart failure 

[184]. CAR is an odorless white powder with a small particle size, its molar mass is 406.474 

g/mol. It was provided by Sigma Aldrich (Munich, Germany). 

 

Figure 8. The constitution of CAR [108] 

3.1.2 Excipients 

Table 1. Properties of the utilized excipients 

Chemical name Brand name Supplier Main characteristics 

Microcrystalline 

cellulose (MCC) 

Vivapur® 200 JRS Pharma 

(Rosenberg, Germany) 

Used as filler and 

binder, average particle 

size 250 µm, bulk 

density 0.31-0.37 g/mL 

Hydroxypropyl-

methlycellulose 

(HPMC) 

Methocel™ 

K4M DC2 

Colorcon (Budapest, 

Hungary) 

Provides sustained drug 

release from tablets by 

gel forming, viscosity 

4000 mPa*s 

Magnesium-stearate 

(MgSt) 

- Hungaropharma Ltd. 

(Budapest, Hungary) 

Used as lubricant 

during tableting 

Anhydrous calcium 

hydrogen phosphate 

(CHP) 

Emcompress® 

Anhydrous 

JRS Pharma 

(Rosenberg, Germany) 

Applied as filler 

material, average 

particle size 200 µm 

α-Lactose 

monohydrate 

GranuLac® 70 Meggle Pharma 

(Wasserburg, Germany) 

Material used in wet 

granulation experiments 

due to its small particle 

size, common excipient 

in tablets 

Corn starch - Roquette Pharma 

(Lestrem, France) 

Material used in wet 

granulation experiments 

due to its small particle 

size, used as filler or 

disintegrant in tablets 

Polyvinylpyrrolidone 

K30 (PVPK30) 

Kollidon® 30 BASF (Ludwigshafen, 

Germany) 

Used as binder in 

granulation liquid 
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3.2 Preparation of samples 

3.2.1 Tablet compression 

 Tablets for the dissolution prediction experiments were prepared on a Dott Bonapace 

CPR-6 single punch tablet press (Limbiate, Italy). The machine was equipped with 14 mm 

concave punches, tablets with a weight of 500 mg were compressed with forces between 5 and 

25 kN, the compression force – time curves were registered by a sensor. 

Later samples were prepared to examine the effect of the PSD of HPMC and DR on the 

dissolution rate. For this purpose, HPMC was sieved with a 150 µm and a 63 µm sieve (resulting 

fractions: <63 µm and 63-150 µm), while for DR 45 µm, 150 µm and 300 µm sieves were used 

(resulting fractions: 45-150 µm and 150-300 µm). In all cases sieving was performed on a CISA 

BA 200N (Barcelona, Spain) apparatus with an amplitude of 2 mm until the mass of fractions 

no longer changed. 

 Thereafter, HPMC was sieved to obtain 5 fractions. In order to achieve this, sieves with 

four different sizes were used: 150 µm, 100 µm, 63 µm and 45 µm. Particles falling through the 

45 µm sieve were collected, thus five fractions were obtained: <45 µm, 45-63 µm, 63-100 µm, 

100-150 µm and >150 µm.  

 The product manufactured on the TSWG apparatus was tableted with 9 mm concave 

punches with a force of 15 kN. 

3.2.2 Continuous powder blending 

 Powder mixtures containing low doses of RI were prepared the following way. Firstly, 

a mixture containing 2 w/w% of RI and 98 w/w% of MCC was prepared in batches of 100 g on 

a batch homogenizer (QUICK BIN, Quick 2000 Ltd., Hungary) by rotating the flask containing 

the powders at 60 revolutions per minute (rpm) for 10 minutes. This blend was then passed 

through a twin screw continuous blender (Quick 2000 Ltd., Hungary) with a 16 mm diameter 

(with an L/D ratio of 25) screw operated at 100 rpm. This resulted in a homogeneous blend 

where RI was distributed uniformly on the MCC particles, the abbreviation RI-MCC will refer 

to this blend, where RI is present as a model drug. This colored powder was blended with CHP 

in the following way (Figure 9). 
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Figure 9. Continuous powder blending setup 

RI-MCC was fed from a gravimetric feeder (MechaCAD, Dunakeszi, Hungary) 

operated in volumetric mode, while CHP was fed from another gravimetric feeder (Brabender 

Technologie, Duisburg, Germany) in volumetric or gravimetric mode depending on the 

experiment. The powders were fed into the same twin screw blender operated at 100 rpm. The 

screws consisted of conveying elements and kneading zones in a configuration shown in Figure 

10., they had a diameter of 16 mm (L/D ratio is 25). The powder blend leaving the blender fell 

on a conveyor (Brabender Technologie, Duisburg, Germany) operated at 100% speed (0.083 

m/s). 

 

Figure 10. Screw configuration of the twin screw blender 

3.2.3 Continuous twin screw wet granulation 

 TSWG was carried out using a multipurpose twin screw apparatus (QUICK BIN, Quick 

2000 Ltd., Hungary) with a screw configuration identical to the one described in Chapter 3.2.2, 
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the rotation speed of the screws was 100 or 200 rpm. A powder mixture of α-lactose 

monohydrate and corn starch was prepared by mixing in a plastic bag. This mixture was fed 

into the TSWG apparatus with a gravimetric feeder (Brabender Technologie, Duisburg, 

Germany) at a rate of 1 of 2 kg/h. The granulation liquid was prepared by dissolving PVPK30 

in distilled water, afterwards RI was added. In the experiments with API, 2 v/v% acetic acid 

solution was used instead of water and CAR was dissolved after the addition of RI. The liquid 

had the following composition in this case: 28.4 w/w% PVPK30, 0.83 w/w% RI and 0.466 

w/w% CAR. The granulation liquid was dosed with a peristaltic pump (Watson-Marlow 120U, 

Wilmington, MA, USA) into the second zone of the granulator. The L/S ratio of the product 

was controlled by changing the feeding rate of the liquid. 
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3.3 Analytical methods 

3.3.1 In vitro dissolution testing 

The in vitro dissolution profile of tablets was recorded using a Hanson SR8-Plus 

dissolution tester (Chatsworth, CA, USA) according to the United States Pharmacopoeia (USP) 

II method (paddle method). The dissolution medium was 900 mL of pH 1.2 HCl solution, 

temperature was set to 37±0.5 °C. The rotational speed of paddles was 100 rpm. For the 

measurement of the concentration of DR in the dissolution medium, samples were taken from 

the system at 53 time points (at 2, 5, 10, 15, 30, 45 and 60 minutes, after that every 30 minutes 

until 1440 minutes) with a Hanson Autoplus Maximizer 8 automated syringe pump 

(Chatsworth, CA, USA) through 10 µm filters. The duration of dissolution runs was 24 hours. 

The drug concentration in the samples was measured with an on-line coupled Agilent 8453 UV-

Vis spectrophotometer (Hewlett-Packard, Palo Alto, CA, USA) by measuring absorbance at 

356 nm in 10 mm flow through cuvettes. The concentration of DR in the samples was 

determined based on a calibration created with samples of 1, 2, 5, 10, 20, 30, 40, 45, 50, 55 

mg/L. 

3.3.2 UV-Vis spectroscopy 

 UV-Vis spectroscopy was chosen as a reference method to determine the RI content of 

powder samples. The samples were dissolved in distilled water in volumetric flasks. After 

stirring for 10 minutes, 15 mL of the solutions was filled in a centrifuge tube and the samples 

were centrifuged at 1000 rpm for 10 minutes in order to elutriate the suspended MCC and CHP 

particles. A 10 mm cuvette was used to measure the absorbance of the samples with an Agilent 

8453 UV-Vis spectrophotometer (Hewlett-Packard, Palo Alto, CA, USA) at 445 nm which was 

the most intense peak of RI. The calibration used to determine the RI concentration of the 

samples was prepared by measuring the absorbance of solutions containing RI in the following 

concentrations: 1, 2, 3, 4, 5, 7.5, 10, 12.5, 15, 17.5 and 20 mg/L. 

3.3.3 High pressure liquid chromatography 

 CAR content of wet granulation samples was determined using high pressure liquid 

chromatography (HPLC). Samples were dissolved in a 1:1 (volume ratio) mixture of methanol 

and phosphorous acid – water (0.5 w/w% phosphoric acid) solution. Afterwards, the solutions 

were filled into HPLC sample vials by pressing them through a syringe filter. HPLC 

measurements were performed on a reverse phase Gemini® NX-C18 3 μm 100 x 4,6 mm 

column (Phenomenex Inc., Torrance, CA, USA) with gradient elution method. A mixture of 

acetonitrile and phosphorous acid – water solution was used as eluent at 25 °C and a volume 
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flow of 1 mL/min. The gradient elution program lasted for 7 minutes. Initially, for the first two 

minutes, the ratio of acetonitrile and phosphorous acid – water solution was 20:80. Then the 

ratio of acetonitrile was proportionally raised so that is reached 50% at the end of the 4th minute. 

Thereafter, the ratio of acetonitrile was lowered back to 20% by the end of the 6th minute, the 

ratio stayed at this value until the end of the measurement. The concentration of CAR was 

determined by measuring the absorption of the solution at 285 nm wavelength. 

3.3.4 NIR spectroscopy 

 A Bruker Optics Multi Purpose Analyzer (MPA) FT-NIR spectrometer (Billerica, MA, 

USA) was used to record the NIR spectrum of tablets. A high intensity tungsten NIR source 

was utilized. NIR transmission spectra were recorded with the external transmission unit in the 

4000-15000 cm-1 range with 32 cm-1 spectral resolution with an InGaAs detector. 64 scans were 

averaged during the collection of background and sample spectra. An external fiber optic probe 

was applied to record reflection NIR spectra in the spectral range of 4000-10000 cm-1 with a 

resolution of 8 cm-1. In this case 32 scans were averaged, an InGaAs detector was used. 

3.3.5 Raman spectroscopy 

 Raman spectra of the tablets were recorded with a Kaiser Raman RXN2 Hybrid 

Analyzer (Ann Arbor, MI, USA) equipped with a Pharmaceutical Area Testing (PhAT) probe. 

A 785 nm laser source was used with a performance of 400 mW. The spectra were acquired in 

the range of 200-1890 cm-1 with 4 cm-1 spectral resolution using a working distance of 25 cm. 

Reflection measurements were carried out using a spot size of 6 mm, scanning time was 5 s, 

two scans were acquired. In the case of transmission measurements, two scans of 30 s were 

acquired. 

3.3.6 Digital imaging 

3.3.6.1 In-line image acquisition during a continuous powder blending process 

 A Basler acA4112-30uc (Basler, Germany) area scan, RGB camera was placed above 

the conveyor of the continuous powder blending setup described in Chapter 3.2.2. The camera 

was equipped with a Basler MEGA TS1214-MP (Basler, Germany) objective, the height of the 

stand was set so that the objective was 30 cm above the conveyor. A box was placed around the 

camera stand to exclude external light and thus protect the system from variations in ambient 

lighting. A ring light consisting of three rows of white light emitting diodes (Apokromat Ltd., 

Hungary) was attached to the objective to provide illumination. Images of 500 by 500 pixels 

were acquired with an exposition time of 2000 µs. The imaged area was a square with a side 
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length of 90 millimeters, therefore each pixel in the image represents an area of 0.18 by 0.18 

millimeters. An illustration of the utilized continuous blending setup and the in-line camera is 

given in Figure 11. 

 

Figure 11. In-line imaging setup of continuous powder blending 

3.3.6.2 Image acquisition during continuous twin screw wet granulation 

 For this purpose, the camera and light source described in Chapter 3.3.6.1 were used. 

This time, the camera was mounted on a stand that was fastened to a chute below the outlet of 

the TSWG apparatus. 1000 by 500 pixel images were acquired with an acquisition time of 150 

µs. A larger dark box was used covering the entire machine vision system, an aperture was cut 

in the side of this box for collecting samples at the end of the chute. Figure 12. shows the layout 

of the measurement. 

 

Figure 12. In-line imaging setup of TSWG 
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3.3.7 Particle size distribution measurement 

 The particle size distribution of the powders was determined using a Malvern 

Mastersizer 2000 (Malvern, UK) laser diffraction device equipped with a Malvern Scirocco 

2000 powder feeding inlet. Dispersive air pressure was set to 1 bar. Samples of 2 g were 

measured. 

  



52 

 

3.4 Data analysis methods 

3.4.1 Utilized software 

For the analysis of spectra and images, Matlab (9.4-9.8) software (Mathworks, Natick, 

MA, USA) was used. PCA and PLS were executed with the PLS_Toolbox add-on (8.6-8.8) 

(Eigenvector Research, Manson, WA, USA). ANNs were created and trained using Neural 

Network Toolbox, later Deep Learning Toolbox 14.0. Real-time acquisition of images was 

performed with Image Acquisition Toolbox 6.2. Analysis of images was implemented with in-

house built algorithms. SVM and ERT models were produced with Statistics and Machine 

Learning Toolbox 11.7. Polynomials were fitted with Curve Fitting Toolbox 3.5. 

Acquisition of NIR spectra was done with OPUS 7.5 software (Billerica, MA, USA). 

Raman spectra were recorded with iC Raman™ 4.1.9 software (Ann Arbor, MI, USA). 

UV-Vis spectra were acquired with UV-Visible ChemStation 10.01 software (Hewlett-

Packard, Palo Alto, CA, USA). 

The Basler digital camera was controlled with pylon Viewer 5.1 software (Basler, 

Germany). Optimizing the settings of the camera (for example finding focus, proper image size 

and acquisition time) was performed in this software by evaluating the displayed real-time 

image and color histogram. An essential function provided by this software is the ability to save 

the exact settings of the camera (called ‘features’), this allows the user to reproduce the imaging 

conditions on later occasions. 

TIBCO Statistica 13 (Palo Alto, CA, USA) was used for the evaluation of design of 

experiments (DoE) results. 

Excel 2016 (Microsoft, Redmond, WA, USA) was utilized for various computations. 

3.4.2 Evaluation of model performance 

3.4.2.1 Evaluation of regression models 

 The quality of regression models can be characterized with many methods, the goodness 

of fit and error of prediction are among the most commonly used. The coefficient of 

determination (R2) describes how much of the variability in the dataset is explained by the 

model (Eq. 1) [185]: 

𝑅2 = 1 −
𝑅𝑆𝑆

𝑇𝑆𝑆
= 1 −

∑ (𝑦𝑖 − 𝑦�̂�)
2𝑛

𝑖=1  

∑ (𝑦𝑖 − �̅�)2𝑛
𝑖=1

(1) 
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where RSS is the residual sum of squares, TSS is the total sum of squares, 𝑦𝑖 is the actual value 

of the variable, 𝑦�̂� is the value predicted by the model, �̅� is the average value of the variable. 

The R2 value can be calculated for the data used for regression (R2C), for cross-validation data 

(R2CV) and for test data (R2P). The value of this attribute is between 0 and 1, the closer it is to 

1, the better the fit. The Root Mean Squared Error (RMSE) can be calculated with the following 

formula (Eq. 2) [186]: 

𝑅𝑀𝑆𝐸 = √
∑ (�̂�𝑖 − 𝑦𝑖)2𝑛

𝑖=1

𝑛
(2) 

where 𝑦�̂� is the value predicted by the model, 𝑦𝑖 is the value measured by a reference method 

and n is the number of samples. This value can be calculated for calibration, cross-validation 

and test samples, obtaining the Root Mean Squared Error of Calibration (RMSEC), the Root 

Mean Squared Error of Cross-Validation (RMSECV) and the Root Mean Squared Error of 

Prediction (RMSEP), respectively. 

3.4.2.2 Comparison of dissolution profiles 

In order to evaluate the results yielded by surrogate in vitro dissolution prediction 

models, it is necessary to use a statistical method to compare the predicted and measured 

dissolution profiles. For this purpose, the f2 value was chosen, which is a common way of 

comparing predicted and measured dissolution profiles [187]. This performs a logarithmic 

transformation of the squared vertical distances between the measured and the predicted values 

at each time point. An f2 value between 50 and 100 means that the two profiles can be accepted 

as equivalent. Models were evaluated by comparing the predicted and measured dissolution 

profiles based on the f2 values (Eq. 3) [188]. 

                           f2 = 50log10 {[1 +
1

n
∑ wt(Rt − Tt)2]

n

t=1

−0.5

× 100} (3) 

 

where n is the number of dissolution points, Rt and Tt are the measured and predicted dissolution 

values at time t and wt is an optional weighting factor. Originally, the f2 value was designed to 

compare the in vitro performance of products which intend to achieve the same biological 

effects. In order to achieve this, a defined amount of each product must be subjected to 

dissolution testing, afterwards the results are averaged and the f2 is calculated by considering 
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only the time points where dissolution has not yet achieved 85% (and maximum one point after 

that). However, in this work, this value was used with different purposes. Firstly, instead of 

comparing two tablets coming from different manufacturing batches, the predicted and 

measured profiles of the same tablet are compared. Secondly, only 4 tablets were measured at 

each setting, thus the sample number requirements of traditional f2 comparison test were not 

met. Therefore, this value was used as a means to compare the predicted and measured profiles 

in an easily interpretable manner. Moreover, the whole profile was used in all cases and not just 

the parts where dissolution has not yet reached 85%. This can be useful in evaluating predictions 

of machine learning algorithms, as in some cases, the models have a poor performance 

predicting the last part of the curve, for example by introducing large drops or increases in the 

value of the last point. 

3.4.2.3 Limit of detection and Limit of quantification 

For the evaluation of the sensitivity of the developed analytical methods, the Limit of 

Detection (LoD) and Limit of Quantification (LoQ) were calculated based on formulas given 

in the ICH Q2 guideline [189] (Eq. 4-5): 

                               𝐿𝑜𝐷 =
3.3𝜎

𝑆
(4) 

 

                               𝐿𝑜𝑄 =
10𝜎

𝑆
(5) 

 

where S is the slope of the calibration curve of the analyte and σ is the standard deviation of the 

response, which can be represented with various methods. In this work the standard deviation 

of the y-intercept of the calibration line was chosen. The slope of the calibration curve and 

standard deviation of y-intercept were determined by the ‘slope’ and ‘stexy’ functions in Excel, 

respectively. 

3.4.3 Analysis of NIR and Raman spectra 

3.4.3.1 Principal component analysis 

PCA was used as the first step in the analysis of the acquired spectra. Its main purpose 

was to determine whether alterations in the properties of the tablets result in changes in the 

spectrum which can potentially be quantified. Furthermore, PCA was also used to test the effect 
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of various pretreatment techniques, so that the methods most capable of emphasizing the sought 

after changes could be chosen. 

3.4.3.2 Partial least squares 

The main purpose of PLS was to create models which predict the composition of tablets. 

The number of LVs and the chosen pretreatment methods are described in the respective 

chapters. Variable selection was performed both manually by examining the spectra and by GA. 

Manual variable selection means that parts of the spectra which appear to have a poor signal-

to-noise ratio are excluded from analysis based on the judgment of the person conducting the 

assessment. GAs were run with a population size of 64, a variable window width of 10, the 

maximum number of LVs was 6. The created models were evaluated based on RMSECV and 

RMSEP values in order to find models with the best predictive ability. Cross-validation was 

executed with the contiguous block method. Spectra subjected to pretreatment and variable 

selection were used as input, the output of the models was the DR or HPMC content of the 

tablets. 

3.4.4 Machine learning methods used for the prediction of in vitro dissolution profiles 

In a surrogate in vitro dissolution prediction model, the input and output data can be 

represented with various approaches. In this work, dimensionality reduction was performed on 

the data before feeding it into the models. PLS was used to obtain two numbers from the spectra 

(DR and HPMC content). The maximum compression force was extracted from the 

compression force-time curves. PSD data was either used in unaltered form or with a reduced 

number of variables. The dissolution curves were represented with all of their 53 time points. 

3.4.4.1 Partial least squares 

In the case of PLS, the input data was autoscaled (mean centering and division by 

standard deviation), the target data was mean centered. The PLS2 method enables the prediction 

of more than one output variable with the same model, thus a single model could be created to 

predict all 53 time points of the dissolution curve. Contiguous block cross-validation was used. 

3.4.4.2 Artificial neural network 

In this work fully connected multilayer perceptrons were used with one hidden layer. 

The networks were trained using feed-forward back-propagation with the Levenberg-

Marquardt (LM) or the Bayesian Regularization (BR) training function. Mean squared error 

was used as the performance function. The number of neurons in the hidden layer was optimized 

by systematically changing the number from 1 to 10 and evaluating the performance of the 
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resulting models. The number of neurons in the input layer was equal to the variable number of 

the input dataset, for example when drug content, matrix polymer content and compression 

force were used as input data, the input layer had 3 neurons. Input data was processed by 

mapping values between -1 and 1 (the smallest value is set to -1, the largest to 1, the others 

proportionally in between). The output layer consisted of 53 neurons, which is equal to the 

number of points in the dissolution profiles. During each training run, the dataset was 

automatically split by assigning 70% of the data for training, 15% for cross-validation and 15% 

for testing. Due to the variability of the result of individual training runs, the training process 

was repeated 100 times for each setting. 

3.4.4.3 Support vector regression 

SVR models were created by utilizing a radial basis function kernel and contiguous 

block cross-validation. Input data was autoscaled (mean centering and dividing with standard 

deviation). The SVR models are designed to predict one response variable, therefore 53 models 

were created, one for each point of the dissolution curve. 

3.4.4.4 Ensemble of regression trees 

Regression models were built using ensembles of regression trees (ERT)s. The template 

trees used in the models had a minimum leaf size of 4 and a minimum parent size of 8, the 

maximum number of splits was set to 10, mean squared error was used as the splitting criterion. 

The model building was performed with the LSBoost (least-squares boosting) algorithm, the 

number of learning cycles was set to 30, the learning rate was 0.1. A separate model was built 

for each output variable, resulting in 53 models for the time points in the dissolution curve. 

3.4.5 Image analysis 

3.4.5.1 Analysis of images recorded during continuous powder blending 

 Firstly, the images were converted to CIELAB color space. The L value was then used 

to define a threshold for segmenting the sample pixels from the background. This was 

accomplished by calculating the average L value of an image with pure background, this value 

was then multiplied by 1.35, pixels with a higher value than this were classified as part of the 

sample. We found that this simple method can reliably separate the sample from the 

background, an example is shown in Figure 13. 
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Figure 13. Background removal based on L value of pixels. a) original image; b) image with 

removed background. 

 For the determination of API content, the b* value of pixels was used (in the CIELAB 

color space, this represents the position of the color on a scale between blue and yellow). For 

each image, the average b* value of the sample pixels was calculated, thus the images were 

represented by this single value. By using the API content of the samples determined by UV-

Vis spectrometry as the dependent variable and the b* value of the images as the independent 

variable, a polynomial could be fitted to the data. This polynomial could later be used to predict 

the API content of samples based on the recorded images. 

3.5.4.2 Analysis of images recorded during continuous twin screw wet granulation 

 The first step in the analysis of images recorded during TSWG was the separation of 

background and sample pixels using a threshold value. The R value in RGB color space was 

sufficient for this, pixels with a higher value than the threshold were classified as sample, while 

the remaining ones formed the background. The effectiveness of this simple thresholding 

process is demonstrated in Figure 14. 

 

Figure 14. Background removal based on R value of pixels. a) original image; b) image with 

removed background. 



58 

 

 Afterwards, the values of sample pixels were converted into CIELAB color space. 

Again, the b* value was chosen to quantify changes in color. Compared to the case where the 

powder is on a conveyor, this time the variability in color between images is much higher. This 

is caused by the fact that falling granules strongly vary in shape, size and position relative to 

the camera and light source. The edge of the granules tends to be darker as they partially blend 

into the background, the relative number of edge pixels depends on the size of the particle. 

When the particle is very small, practically it consists of only edge pixels, while they are almost 

negligible in the case of big lumps with sizes close to a cm. Also, the number of sample pixels 

has a high deviation between images, thus representing each image with the average b* value 

of its sample pixels can introduce significant outliers. Sometimes only a single very small 

particle is present on an image, the average derived from it should not have the same influence 

as the average of an image with many larger particles, such as the one presented in Figure 14. 

Therefore, all sample pixels were collected for 10 consecutive images and this value was 

averaged.  
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4. Results and discussion 

4.1 Prediction of in vitro dissolution profile of extended release tablets with 

ANNs 

 The aim of this work was to evaluate the capability of ANNs in the prediction of the in 

vitro dissolution profile of an extended release tablet formulation and to compare the 

performance of ANN with PLS which is currently the dominant method used for this purpose. 

In order to achieve this, a tablet formulation using HPMC as matrix polymer and DR as model 

drug with good water solubility was utilized. Input data for the dissolution prediction models 

was derived from PAT sensors, the NIR and Raman spectra and the compression curve of the 

tablets. Firstly, the effect of manufacturing parameters on the dissolution profile was studied. 

Afterwards, the NIR and Raman spectra were evaluated in order to extract information 

regarding the composition of the tablets. Finally, PLS and ANN models were constructed for 

the prediction of the dissolution profiles. As input, these models received the DR and HPMC 

content of the tablets predicted from NIR or Raman spectra and the maximum compression 

force. 

4.1.1 Effect of manufacturing parameters on the dissolution curve 

 The tablets used for the training and testing the dissolution prediction models were 

prepared according to a 33 full factorial DoE. These tablets contained four components: DR (6-

10 w/w%) as the API, HPMC (5-35 w/w%) was used as the matrix polymer, which ensured the 

sustained release of the formulation by gelation effect. MCC (54-88 w/w%) was utilized as 

filler and binder, and MgSt (1 w/w%) as a lubricant. The three varied parameters were API 

content, HPMC content and compression force. The composition of the tablets was chosen to 

support the goal of this research, which is to demonstrate that the ANN model can learn how 

matrix polymer content, API content and compression force influence dissolution rate. The 

difference between the chosen levels is larger than what occurs in a real manufacturing 

environment. However, we did not want to limit the variability of the formulation to relative 

changes of only a few percent. The data was augmented with 10 additional settings where the 

parameters are set to levels not present in the 33 design, see Table 2. for the properties of all 

tablets. Four tablets were compressed at each setting, 7 out of the 37 settings were chosen for 

validation. 
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Table 2. Properties of tablet formulations used in the dissolution prediction experiment. 

Calibration samples are marked with a (C), validation samples with a (V). 

Formulation 

name 

DR content  

(w/w %) 

HPMC content 

(w/w %) 

Compression force 

(kN) 

1 (V) 6 10 10 

2 (C) 8 10 10 

3 (C) 10 10 10 

4 (V) 6 20 10 

5 (C) 8 20 10 

6 (C) 10 20 10 

7 (C) 6 30 10 

8 (C) 8 30 10 

9 (C) 10 30 10 

10 (C) 6 10 15 

11(C) 8 10 15 

12 (C) 10 10 15 

13 (C) 6 20 15 

14 (V) 8 20 15 

15 (C) 10 20 15 

16 (C) 6 30 15 

17 (V) 8 30 15 

18 (C) 10 30 15 

19 (C) 6 10 20 

20 (C) 8 10 20 

21 (C) 10 10 20 

21 (C) 10 10 20 

22 (C) 6 20 20 

23 (C) 8 20 20 

24 (C) 10 20 20 

25 (C) 6 30 20 

26 (C) 8 30 20 

27 (V) 10 30 20 

28 (C) 7 20 15 

29 (V) 7.5 20 15 

30 (C) 8.5 20 15 

31 (C) 9 20 15 

32 (C) 8 5 15 

33 (C) 8 15 15 

34 (V) 8 25 15 

35 (C) 8 35 15 

36 (C) 8 20 5 

37 (C) 8 20 25 

 

 These three factors were chosen because they can be easily controlled and based on 

literature and earlier results in our research group they were expected to significantly influence 

the rate at which the API dissolves from the tablet. The first 27 formulations were manufactured 
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according to the DoE, therefore their dissolution profile could be used to study the effect of the 

three parameters. In order to visualize the effect of these factors, the profiles belonging to the 

same level were averaged for all three parameters (Figure 15). 

 

Figure 15. Dissolution profiles averaged by a) DR content; b) HPMC content and c) 

compression force.  

 By looking at the averaged dissolution profiles it can be observed that DR content 

determines the maximum dissolution reached, while HPMC and compression force influence 

the rate at which the drug is released from the tablet. Clearly the effect of compression force is 

much smaller and it only appears in the first 3 hours of dissolution, after that there is basically 

no difference between the compression force levels. HPMC has the most drastic effect, at 10% 

it is practically incapable of providing sustained release, resulting in very fast dissolution. On 

the other hand, 20% and 30% of HPMC is clearly enough effectively control drug release. The 

nonlinearity of this effect might cause problems for the dissolution prediction models, the 

ability of ANN and PLS to overcome this obstacle might be a good indicator of their versatility. 
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 As the first 27 experiments were executed according to a 33 full factorial DoE, the effect 

of the three factors on the dissolution achieved at all certain time points can also be analyzed 

quantitatively. For this purpose, the measured dissolution after 15 and 960 minutes was chosen 

to represent both an early and a late part of the curve. Prior to this, the dissolution profiles were 

normalized to the mean (8%) DR content. The model fitted to the data used the linear and 

quadratic effect of the factors and the two-way interaction between the linear effects. The Pareto 

chart of the standardized effects on the dissolution at 15 min is displayed in Figure 16a. It is 

clear that HPMC content had the most significant effect, as its linear and quadratic terms had 

the two largest values. This result is not surprising, considering the fact that HPMC was added 

to the tablets to control the release of DR. Compression force is also significant, as well as its 

interaction with HPMC content. DR content has only a marginal effect at 15 min, that is, at the 

initial phase of the dissolution. The results are quite similar after 960 min (Figure 16b). HPMC 

level is still the dominating factor, but the relative importance of compression force decreases. 

At this point, the relative influence of DR content increases, and it becomes a significant factor 

with an effect similar to compression force. The results of the experimental design show that a 

model that aims to predict the dissolution profile of these tablets needs to consider all three 

factors to determine the shape of the dissolution curve, while DR content is also vital in 

predicting the maximum dissolution achieved. 

 

Figure 16. Effect of factors on the dissolution achieved at (a) 15 min and (b) 960 min. Effects 

which were found significant at p = 0.05 are colored red. Interactions are linear. 

4.1.2 Analysis of NIR and Raman spectra 

 The NIR and Raman spectra recorded in reflection and transmission mode were used to 

build PLS models to predict the DR and HPMC content of the test tablets. PCA was applied to 

the spectra, the methods which were found to be the most useful in extracting the required 
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information from the data are described below. For an easier interpretation, only the spectra of 

the first 27 formulations were included in the PCA. In this section, only the analysis of 

transmission NIR and Raman spectra is described, as these were found to be more useful in 

predicting DR and HPMC content. PLS models based on reflection spectra yielded worse 

predictions in all cases.  

Figure 17a. shows the raw NIR transmission spectra of the tablets. The spectra provided 

noisy signals in the region below 7600 and at the 8000–8500 cm-1 band, therefore these regions 

were excluded before further preprocessing steps. The first derivative of the spectra was 

calculated followed by MSC and mean centering, the resulting preprocessed spectra are shown 

in Figure 17b. After preprocessing, the samples with different HPMC contents can be clearly 

distinguished based on the different peak absorbance values. HPMC content correlates 

negatively with the intensity of peaks at 11,000, 10,300 and 9800 cm-1, and positively with the 

peaks observed at 8850 and 7750 cm-1. 

 

Figure 17. (a) Raw NIR transmission spectra of the tablets; (b) preprocessed spectra. 
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 The resulting PCA model uses two PCs, explaining 88.37% and 7.26% of the total 

variance in the data, respectively. Observing the score plot of the first two PCs (Figure 18), the 

separation of the samples along the first PC could clearly be associated with the HPMC content, 

while the variance along the second PC could be identified as the DR content (see the groups 

along PC2 separated by DR content).  

 

Figure 18. Score plot of NIR transmission spectra. 

 The raw Raman transmission spectra are presented in Figure 19a. The region above 

1680 cm-1 was noisy and below 350 cm-1 a steep slope can be observed caused by a strong 

decline in the fluorescence background. These regions were excluded before further 

examination of the data. The baseline offset was removed by utilizing the automatic Whittaker 

filter method. Normalization of the spectra was carried out using SNV. The spectra obtained 

this way are shown in Figure 19b. After preprocessing, the spectra consist of several 

distinguishable, narrow peaks, and the intensity of these peaks correlates with the DR content. 

There is a positive correlation between DR content and the intensity of peaks at 1645, 1605, 

1560 and 1345 cm-1, while DR content correlated negatively with the peak intensities at 1120 

and 1090 cm-1, these peaks being associated with HPMC and MCC. 
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Figure 19. (a) Raw Raman transmission spectra of the tablets; (b) preprocessed spectra. 

 A PCA model with two PCs was built based on these spectra, again including only the 

first 27 formulations. The first PC, responsible for 58.93% of the total variance, represents the 

DR content, while the second PC (9.46% variance explained) can be associated with HPMC 

content. The score plot of these two PCs is shown in Figure 20. The samples with different DR 

content form distinguishable groups along the first PC, although the distance between the 

groups is smaller than in the case of HPMC content measured by NIR transmission. 
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Figure 20. Score plot of Raman transmission spectra. 

 Raman reflection and transmission and NIR reflection and transmission spectra were all 

used to create PLS models aiming to predict the DR and HPMC content of the tablets. The 

spectra of tablets in the calibration set were used for this purpose, RMSEP values were 

calculated based on the theoretical composition of the validation set tablets. In order to improve 

the performance of the models, GA runs were also executed for variable selection. Tables 3. 

and 4. show the parameters of the PLS models predicting DR and HPMC content, respectively. 

Table 3. Parameters of the PLS models predicting DR content (models gained after GA runs 

are in parentheses). bl: baseline correction; der: 1st derivative; MC: mean centering. 

Type of data 
Raman 

transmission 

Raman 

reflection 

NIR 

transmission 
NIR reflection 

Pretreatment 

method 
bl, SNV, MC SNV, MC der, MSC, MC der, MSC, MC 

Spectral region 

(cm-1) 
350-1680 350-1680 

7600-8000, 

8500-13000 
4200-7400 

Number of LVs 2 (3) 4 (6) 3 (3) 6 (6) 

R2C 0.911 (0.943) 0.893 (0.962) 0.905 (0.934) 0.750 (0.777) 

R2CV 0.894 (0.934) 0.875 (0.928) 0.876 (0.912) 0.586 (0.700) 

R2P 0.913 (0.905) 0.868 (0.778) 0.856 (0.918) 0.579 (0.444) 

RMSEC 

(w/w%) 
0.428 (0.343) 0.471 (0.281) 0.443 (0.370) 0.718 (0.680) 

RMSECV 

(w/w%) 
0.468 (0.370) 0.509 (0.386) 0.506 (0.426) 0.928 (0.979) 

RMSEP 

(w/w%) 
0.386 (0.400) 0.467 (0.602) 0.500 (0.414) 0.837 (0.977) 
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Table 4. Parameters of the PLS models predicting HPMC content (models gained after GA 

runs are in parentheses). bl: baseline correction; der: 1st derivative; MC: mean centering. 

Type of data 
Raman 

transmission 

Raman 

reflection 

NIR 

transmission 
NIR reflection 

Pretreatment 

method 
bl, SNV, MC SNV, MC der, MSC, MC der, MSC, MC 

Spectral region 

(cm-1) 
350-1680 350-1680 

7600-8000, 

8500-13000 
4200-7400 

Number of LVs 2 (5) 4 (4) 4 (4) 4 (4) 

R2C 0.953 (0.986) 0.958 (0.966) 0.986 (0.988) 0.924 (0.951) 

R2CV 0.947 (0.982) 0.950 (0.959) 0.983 (0.986) 0.907 (0.947) 

R2P 0.956 (0.975) 0.956 (0.942) 0.982 (0.982) 0.875 (0.909) 

RMSEC 

(w/w%) 
1.753 (0.950) 1.654 (1.500) 0.949 (0.884) 2.231 (1.610) 

RMSECV 

(w/w%) 
1.862 (1.082) 1.811 (1.643) 1.049 (0.962) 2.470 (1.861) 

RMSEP 

(w/w%) 
1.381 (1.031) 1.443 (1.630) 0.861 (0.914) 2.307 (2.068) 

 

 In the case of DR content, the Raman transmission method yields the best results, while 

NIR transmission is not far behind. The achieved RMSEP values mean relative errors of around 

5% calculated for the 8% target DR content. The R2 values are relatively low for all DR models, 

this is caused by the fact that calibration was performed in a relatively small range of DR 

contents (6-10%), therefore the changes in spectra caused by the concentration of the API are 

not very accentuated. Augmenting the models with levels farther away from the target value 

(for example in this case 2%, 4%, 12%, 14%) could enhance the performance, as the parts of 

the spectra associated with DR would show much larger differences. However, the accuracy 

achieved was enough for the purpose of this research, thus the models were used without further 

modifications. 

 HPMC content can be predicted more accurately with NIR spectroscopy. The higher R2 

values can be attributed to the fact that HPMC content covered a much broader range (5-35%), 

therefore the concentration of this component could cause more drastic changes in the spectra. 

The relative RMSEP values are similar to that of DR, they are around 5% for 20% HPMC 

content. 

 Transmission spectra yield better result in all cases, thus these were used to provide the 

inputs of dissolution prediction models. The models with the lowest RMSEP value were chosen 

for this purpose for both spectroscopic methods. Therefore, DR content was predicted by the 
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Raman transmission model without GA, and NIR transmission model with GA. As for HPMC 

content, Raman transmission with GA and NIR transmission without GA were utilized. 

4.1.3 Prediction of in vitro dissolution profiles using ANN and PLS 

 The ANN models constructed for the prediction of the in vitro dissolution profiles used 

three input data: the DR and HPMC content predicted from Raman or NIR spectrum and the 

maximum compression force. Analysis of the compression curves yielded by the tablet press 

showed that using additional data derived from the curve such as dwell time do not provide 

useful extra information, as almost every parameter correlates with the maximum compression 

force. The structure of the ANN models is shown in Figure 21. 

 

Figure 21. Structure of the ANN models used for the prediction of the in vitro dissolution 

profiles. 

 ANNs were trained with two training functions, LM and BR. Trainings were performed 

with different numbers of neurons in the hidden layer, the value varied between 1 and 10, this 

way the optimal number of neurons can be found. The performance of the models was evaluated 

by calculating the RMSEP value for each individual dissolution profile in the test set, then these 

RMSEP values were summed so that a single value represents the model. In order to determine 

how the number of neurons in the hidden layer influences model accuracy, the average RMSEP 

of 100 repeated training runs was calculated for each neuron number. This process was carried 

out with both LM and BR training functions and with three different validation input datasets: 

firstly, both DR and HPMC content are predicted from Raman spectra, secondly these values 

are obtained from NIR spectra and lastly DR content was derived from Raman and HPMC 

content was calculated from NIR spectra (referred to as NIR-Raman), as these methods yielded 
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more accurate predictions. The result of the total of 6000 model trainings is shown in Figure 

22. 

 

Figure 22. Average RMSEP values of predictions using DR and HPMC content predicted 

from a) Raman, b) NIR and c) Raman and NIR spectra as input. 

 It can be observed that one neuron yields very poor results, while adding the second 

neuron brings significant improvement. After that the error can be further reduced by going up 

to 4 or 5 neurons after which the models become slightly worse. Thus, 4-5 neurons are enough 

to adequately model the behavior of this formulation, adding more only leads to unnecessary 

complexity and overfitting. It is also clear that BR outperforms LM in all cases. Although LM 

enables faster training (with 10 neurons, 100 training runs took around 20 minutes for BR and 

5 minutes for LM), this alone is not a strong enough argument for using it instead of BR  

 The models with the lowest RMSEP value were chosen for further evaluation (five 

neuron models for Raman and NIR-Raman and four neuron models for NIR). The predictive 

ability of these models was compared to predictions yielded by a PLS model built using the 

same data and using the same input for validation. The predicted dissolution profiles of these 
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models was compared to the measured profiles by calculating the f2 value. Table 5 shows this 

comparison, with ANN models outperforming PLS models in all cases. 

Table 5. Average f2 value of the best ANN models compared to PLS models using the same 

input. 

Modeling method Raman NIR NIR-Raman 

ANN 74.27 71.84 73.07 

PLS 65.63 65.01 65.79 

 

 The main difference between the performance of ANN and PLS models is their ability 

to describe the nonlinear effect of HPMC content on dissolution rate. This difference can be 

observed in the case of 10% HPMC (Formulation 1) test tablets when the average of PLS and 

ANN predictions were plotted and compared with the measured profiles (Figure 23). 

 

Figure 23. Average of predicted (PLS and ANN) and measured dissolution profiles of 

Formulation 1 tablets where predictions were based on (a) Raman, (b) NIR and (c) Raman 

and NIR spectra. 
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 The average prediction of Formulation 1 tablets is more accurate when the ANN models 

are used. On the basis of these results, ANN is a better choice for predicting dissolution profiles 

as it is more flexible and accurate, yet constructing the model does not require more resources. 

Also, it is not necessary to combine the two spectroscopic methods, as predictions based on 

both individual NIR and Raman spectra yielded approximately the same result as NIR-Raman, 

with Raman being the best. 

 The developed ANN models were capable of predicting the dissolution profile of all test 

tablets within the f2 acceptance limit of 50. On Figure 24, the average predictions obtained 

using Raman spectra as input are compared to the measured dissolution profiles. 

 

Figure 24. Average of predicted and measured dissolution profiles of validation tablets; 

inputs are based on Raman spectra. 
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4.1.4 Conclusions 

 The proposed method uses data which can be acquired in real-time to predict the in vitro 

dissolution profile of extended release tablets. Compared to earlier works, several 

improvements were achieved. Firstly, the ability of ANNs to accurately predict the dissolution 

profiles has been proven. The potential superiority of ANN over PLS has also been shown by 

demonstrating that ANN is capable of more flexibility in the modeling of the non-linear effect 

of HPMC content. Furthermore, the proposed input data can greatly increase the applicability 

of these models, as it has been shown that similar results can be obtained when the input data 

is derived from NIR and Raman spectroscopy. Therefore, it can be assumed that models like 

this can also be constructed based on other data sources provided that the API and HPMC 

content values can be predicted. Moreover, using compression force as input is a data fusion 

approach which can result in models with a stronger predictive ability. Consequently, the 

utilization of ANNs in this field should be studied further, as they have a great potential in the 

realization of RTRT of dissolution.  
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4.2 Augmentation of surrogate in vitro dissolution prediction models with 

particle size data 

 The application of ANNs for the prediction of in vitro dissolution profile of extended 

release tablets was studied further in this work. The effect of API and HPMC particle size on 

the dissolution rate was evaluated, it was found that the latter has a significant impact. 

Thereafter, additional dissolution experiments were performed where the PSD of HPMC was 

introduced as a new factor in order to create data which can be used to augment the previously 

described models. As the PSD data obtained from laser diffraction consists of 100 variables, it 

was necessary to study how this data should be treated before using it as input in the dissolution 

prediction models. For this purpose, five different PSD representations were tested. Therefore, 

the augmented models received PSD input along with DR content, HPMC content and 

compression force. The capability of ANN was also compared with two other popular machine 

learning methods, SVM and ERT in order to find out which is the most suitable. 

4.2.1 Evaluation of the effect of API and HPMC particle size 

 In order to study the possible impact of API and matrix polymer PSD on the dissolution 

rate, DR and HPMC were sieved to two fractions. A < 63 µm and a 63-150 µm fraction was 

obtained for HPMC, while in the case of DR, the size of the fractions was 45-150 µm and 150-

300 µm. The PSDs of the sieved fractions of HPMC and DR are depicted in Figure 25. HPMC 

fractions have a mostly unimodal PSD with only a very small peak for fine particles. The same 

is not true for DR, which has a wide distribution of particles in the 1–100 μm range. However, 

sieving still resulted in two significantly different fractions, thus if the PSD of DR affects the 

dissolution process, it can be observed this way. 

 

Figure 25. PSD of the sieved fractions of a) HPMC and b) DR. The x-axis has a logarithmic 

scale. 
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 Four tablet formulations were prepared containing these sieved fractions, Table 6 shows 

their composition. 

Table 6. Properties of the tablet formulations used to examine the effect of DR and HPMC PSD 

Formulation 

name 

DR 

content 

(w/w%) 

HPMC 

content 

(w/w%) 

Compression 

force (kN) 

DR particle 

size fraction 

HPMC 

particle size 

fraction 

A 8 20 15 45-150 µm <63 µm 

B 8 20 15 150-300 µm <63 µm 

C 8 20 15 45-150 µm 63-150 µm 

D 8 20 15 150-300 µm 63-150 µm 

 

After averaging the dissolution profiles of samples with the same DR or HPMC PSDs, 

the effect of particle sizes can be inspected visually (Figure 26).  

 

Figure 26. Average dissolution profiles of formulations with different a) HPMC and b) DR 

particle size fractions. Error bars represent the standard deviation of the samples. 

In the first 600 minutes, there is a strong difference between the shapes of the curves of 

samples with different HPMC PSDs. This can be attributed to the fact that when the size of 

HPMC particles is larger, more polymer is required to form a continuous and consistent gel 

layer. When the particles are large, the tablets tend to disintegrate faster, resulting in an initial 

burst of dissolution, however, gelation occurs separately in smaller parts of the tablet and these 

fragments start to release the drug in a sustained way. This can also explain the larger standard 

deviation of the curves belonging to tablets with the larger HPMC size fraction. In this 

formulation, the PSD of DR does not appear to influence the shape of the dissolution curve. 

The larger standard deviation in this case is caused by the averaging of two formulations with 

different HPMC fractions. 

The dissolution profiles were also compared with two-sample t-tests, their result (Figure 

27) leads to similar conclusions.  
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Figure 27. Result of two-sample t-tests comparing samples with different HPMC and 

DR particle size fractions at each time point of the dissolution curve. Dashed lines represent 

the p = 0.05 threshold for the data of the same color. 

When samples were separated according to their HPMC fraction, the null hypothesis 

(that the samples with different particle sizes come from distributions with an equal mean and 

without assuming equal variance) was rejected for all time points except the first, meaning that 

the PSD of HPMC causes a significant difference in the dissolution profiles. On the contrary, 

when samples were separated based on their DR fraction, the null hypothesis was only rejected 

at the first time point, therefore the PSD of DR does not influence dissolution in a meaningful 

way due to the good solubility of DR in the given dissolution medium. The contradictions 

associated with the first time point are possibly the result of large variance between the samples 

at the beginning of the curves. 

Evaluation of the effect of DR and HPMC particle size on the dissolution curves led to 

the conclusion that in the case of this formulation, the PSD of HPMC can be considered as a 

CMA, while the system is robust to variations in the PSD of DR. Therefore, to improve the 

dissolution prediction models, the PSD of HPMC should be present as an input variable. 

4.2.2 Comparison of methods to represent the PSD of HPMC 

 In order to create tablets containing HPMC with various PSDs, HPMC was sieved with 

four different sieve sizes: 150 µm, 100 µm, 63 µm and 45 µm. Particles falling through the 45 

µm sieve were collected, thus five fractions were obtained: <45 µm, 45-63 µm, 63-100 µm, 

100-150 µm and >150 µm. Figure 28. shows the PSDs of these fractions along with the non-

sieved material. 
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Figure 28. PSD of sieved fractions of HPMC and the original material. The x-axis has a 

logarithmic scale. 

 The distributions are unimodal in all cases and the peaks follow each other in the 

expected order. The original PSD is similar to the 63–100 μm fraction, albeit it is wider. For 

the d50 values of the fractions, see Table 7. 

Table 7. d50 value of the sieved HPMC fractions 

Fraction 

name 

Non-

sieved 

> 150 µm 100-150 

µm 

63-100 µm 45-63 µm < 45 µm 

d50 value 104.68 204.59 144.44 99.58 65.43 45.54 

 

These fractions were used to create another 19 formulations, these were used to augment 

the first 37 samples, therefore a new dataset consisting of 56 settings was obtained. This larger 

dataset was used for a second dissolution prediction experiment. The samples were divided by 

choosing 14 formulations for validation. Table 8. shows the division and properties of the 

samples. 

Table 8. Properties of tablet formulations used in the augmented dissolution prediction 

experiment. The name of calibration samples begins with ‘C’, the name of validation samples 

begins with ‘V’. 

Formulation 

name 

DR content 

(w/w%) 

HPMC content 

(w/w%) 

Compression 

force (kN) 

HPMC particle 

size fraction 

C1 6 10 10 non-sieved 

C2 8 10 10 non-sieved 

C3 10 10 10 non-sieved 

V1 6 20 10 non-sieved 
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Formulation 

name 

DR content 

(w/w%) 

HPMC content 

(w/w%) 

Compression 

force (kN) 

HPMC particle 

size fraction 

C4 8 20 10 non-sieved 

C5 10 20 10 non-sieved 

C6 6 30 10 non-sieved 

C7 8 30 10 non-sieved 

V2 10 30 10 non-sieved 

C8 6 10 15 non-sieved 

V3 8 10 15 non-sieved 

V4 10 10 15 non-sieved 

C9 6 20 15 non-sieved 

C10 8 20 15 non-sieved 

C11 10 20 15 non-sieved 

C12 6 30 15 non-sieved 

V5 8 30 15 non-sieved 

C13 10 30 15 non-sieved 

C14 6 10 20 non-sieved 

C15 8 10 20 non-sieved 

C16 10 10 20 non-sieved 

C17 6 20 20 non-sieved 

C18 8 20 20 non-sieved 

C19 10 20 20 non-sieved 

C20 6 30 20 non-sieved 

C21 8 30 20 non-sieved 

V6 10 30 20 non-sieved 

C22 7 20 15 non-sieved 

V7 7.5 20 15 non-sieved 

C23 8.5 20 15 non-sieved 

C24 9 20 15 non-sieved 

C25 8 5 15 non-sieved 

C26 8 15 15 non-sieved 

V8 8 25 15 non-sieved 

V9 8 35 15 non-sieved 

C27 8 20 5 non-sieved 

C28 8 20 25 non-sieved 

V10 8 20 5 >150 µm 

C29 8 20 5 100-150 µm 

C30 8 20 5 45-63 µm 

C31 8 20 5 <45 µm 

C32 8 30 5 >150 µm 

V11 8 30 5 100-150 µm 

C33 8 30 5 63-100 µm 

V12 8 30 5 45-63 µm 

C34 8 30 5 <45 µm 

C35 8 20 15 >150 µm 

C36 8 20 15 100-150 µm 
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Formulation 

name 

DR content 

(w/w%) 

HPMC content 

(w/w%) 

Compression 

force (kN) 

HPMC particle 

size fraction 

C37 8 20 15 63-100 µm 

V13 8 20 15 45-63 µm 

V14 8 20 15 <45 µm 

C38 8 30 15 >150 µm 

C39 8 30 15 100-150 µm 

C40 8 30 15 63-100 µm 

C41 8 30 15 45-63 µm 

C42 8 30 15 <45 µm 

 

 The API and matrix polymer content of the tablets was determined by NIR spectroscopic 

transmission measurements. Both components were predicted with a similar relative error of 

prediction (6.8% for DR and 6.5% for HPMC calculated for the target values of 8% DR and 

20% HPMC, respectively). The NIR spectroscopic models were described in Chapter 4.1.2. 

Therefore, it was decided that the values predicted by these models will be sufficient as inputs 

in the dissolution prediction models. Compression force values for all tablets were obtained 

from the instrumented tablet press, thus after the dissolution tests were carried out, all data was 

available to build the dissolution prediction models. 

 The PSD of HPMC was represented with multiple methods, the following techniques 

were used: 1) the d50 value; 2) the d10, d50 and d90 values; 3) the whole PSD curve consisting of 

100 points; 4) the PSD data transformed in a way that it is similar to the results of a sieve 

analysis with six fractions, see the size of the fractions below; 5) creating 10 bins to represent 

the PSD curve. To mimic the results of a sieve analysis, PSD data was converted in the 

following way. Thresholds were chosen on the × axis of the PSD data for particle sizes similar 

to the sieve sizes used during the sieving process. This way, the following particle size fractions 

were obtained: < 45 μm, 45–69 μm, 69–104 μm, 104–158 μm, 158–316 μm and > 316 μm. The 

volume percentages of particles inside these intervals were summed, resulting in 6 variables 

describing the ratio of the volume of the particles in each interval. It should be noted that this 

method does not necessarily give equivalent results to an actual sieve analysis, the purpose here 

is to model a scenario where the PSD is represented by a dataset similar to one obtained by 

sieve analysis. To summarize the PSD curve with 10 bins, a particle size range was first 

determined in which at least one of the samples had a volume percent larger than zero. As the 

laser diffraction apparatus gives results in a scale that includes several orders of magnitude, 60 

out of the 100 points in the obtained PSD curve were found to be zero for all samples (meaning 

that 0% of the measured particles were in that size range), as they belonged to either too small 
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or too large sizes. The remaining 40 points (3–720 μm) were used to create 10 groups, each 

with four points. The volume percent of these four variables were averaged, thus a simpler 

representation of the PSD curves was obtained, describing the information with 10 variables 

instead of 100. As a reference, models were also created where the PSD of HPMC is not 

represented in the input. 

 The feasibility of the 5 HPMC PSD representation methods was compared by training 

100 ANN models with 1–10 neurons in the hidden layer and BR training function as well as 

SVM and ERT models with each representation method. To evaluate the ability of the models 

to predict changes in the dissolution curve caused by the different HPMC PSDs, f2 values of 

the validation samples were calculated. Figure 29. shows the obtained f2 values for the 

validation samples based on the utilized HPMC PSD representation methods.  
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Figure 29. f2 value of predictions for the validation samples with three machine learning 

methods. a) all validation samples; b) non-sieved validation samples; c) sieved validation 

samples. The central line of the boxes indicate the median, the dots mark the mean value, the 

bottom and top edges refer to the 25th and 75th percentiles, respectively, the whiskers extend 

to cover the most extreme data points which are not outliers, circles represent outliers. The red 

line represents the f2 = 50 acceptance limit. 

 As each new ANN is initialized with random weight and bias values, the training process 

will yield slightly different results with no guarantee that the global optimum was found. 

Therefore, each model was evaluated based on the average f2 value of its predictions, in each 

case the model with the highest average f2 value was chosen to represent the result of ANN. 

The number of neurons yielding the best predictions for the six PSD representation methods 

was the following: 6 for d50; 5 for d10, d50, d90; 7 for the whole curve; 6 for ‘sieve analysis’; 6 

for 10 bins; and 6 for no PSD data. 

 All five representation methods resulted in a significant improvement compared to the 

case when no HPMC PSD data was used. The lack of data regarding PSD strongly deteriorated 

results for the sieved validation samples. The samples with the non-sieved HPMC were 

unaffected by this, which is not surprising considering that these samples all contained HPMC 

with the same PSD, thus PSD in not a factor which should be taken into consideration. In 

general, it was observed that the results of the three machine learning methods follow a similar 

pattern, some samples were accurately predicted in all cases, while others often went below the 

acceptance limit of 50. Samples 13–15 were consistently predicted with poor performance. 

These belong to the V4 formulation, containing 10% of HPMC. It was often observed during 

our experiments that samples with low HPMC content or large HPMC particle size have higher 

variability in their dissolution profiles, as in these cases the tablets disintegrate quickly and the 

drug release is not controlled by diffusion through the gel layer. However, tablets deviating so 

strongly from the target composition can be classified as out of specification, therefore it is not 

necessary to accurately predict their dissolution profile. The slower the drug release is, the 

dissolution prediction models tend to become more accurate. 

 Also, in general, sieved samples were predicted with lower accuracy which has two 

main reasons. Firstly, a relatively small number of calibration samples contained sieved HPMC, 

thus the effect of particle size was not as strongly represented as the other three factors (DR 

content, HPMC content and compression force). Secondly, the dissolution of tablets containing 
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sieved HPMC tended to have a higher intra-group variability when HPMC with a large particle 

size was used. 

 In the case of ANN models, the ‘sieve analysis’ method shows the highest average f2 

value for all validation samples and also for the ones with sieved HPMC, however the difference 

is not very high (the average f2 varies between 65.54 and 67.79 for all samples and 63.48 and 

67.54 for sieved samples when HPMC PSD data is included). When considering the number of 

predictions below the limit (Figure 30.), the d50 and 10 bins methods have the best results.  

 

Figure 30. Number of validation samples predicted with an f2 value lower than 50. 

 This indicates that for the ANN, a maximum of 10 variables are sufficient to describe 

the PSD. It is worth noting that all five PSD representation methods are conceptually very 

similar, the only significant difference is the number of variables used, therefore this might be 

the parameter to be optimized when developing the models. Also, the ideal number of variables 

can be different for various models, as for SVM and ERT, the d50 and d10, d50, d90 methods 

showed the best performance, respectively, implying that in this case, too much input data is 

detrimental. Thus, the utilized representation must be carefully chosen each time by comparing 

the performance of different approaches. In the case when the material has a multimodal PSD, 

we must be especially prudent to avoid situations when the data does not yield enough 

information. 

4.2.3 Comparison of the predictions of the three machine learning methods 

 ANN, SVM and ERT were compared by calculating the average RMSEP value for each 

time point in the dissolution curves as seen in Figure 31.  
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Figure 31. Average RMSEP values of the models at each time point of the dissolution curve. 

The models were using HPMC PSD representation data in the following order: a) d50 value; b) 

d10, d50, d90 value; c) whole curve; d) ‘sieve analysis’; e) 10 bins; f) no PSD data. 

 The ANN models show better performance in all cases where PSD data is present in the 

input. These RMSEP-time curves have a typical shape, at the first 2–3 points the error starts 

low and increases quickly, reaching a maximum at around the 6-7th point (45–60 min time 

points of the dissolution curve), after which it slowly decreases. This shape can be attributed to 

the fact that the beginning of the dissolution curve is dominated by a burst dissolution effect 

(meaning that before the gel layer responsible for the controlled drug release can be formed, a 

portion of the API is quickly released into the medium) as well as the disintegration of tablets 

with low HPMC percentages or large HPMC particle size, the combination of these phenomena 

causes large variations in the data, making accurate predictions at this stage harder. When the 

d50 and d10, d50, d90 methods are used, the SVM and ERT models are closer to ANN models, 

but their performance decreases when more input variables are used. Another important 

difference is that the RMSEP curves of SVM and ERT are not smooth like the ANN’s. The 

explanation of this is that unlike the ANN, SVM and ERT required the creation of individual 

models for each time point in the dissolution curve, thus the predicted curves consist of 

separately determined points, that do not necessarily form a continuous curve. 
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 For further evaluation, the differences between the predicted and measured curves can 

be observed by plotting them together. For this purpose, the best PSD representation method 

was chosen for all three machine learning methods: the ‘sieve analysis’ method for ANN, d50 

for SVM and d10, d50, d90 for ERT, for comparison the curves predicted by ANN without PSD 

data are also included. The average of the predicted and measured curves for the 14 validation 

formulations is shown in Figure 32.  
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Figure 32. Average measured and predicted dissolution profiles of validation samples 

predicted by ANN, SVM and ERT methods for the 14 validation formulations. 

The V1-V9 formulations contained the HPMC with non-sieved PSD. These samples can be 

accurately predicted without PSD data, however their inclusion in the validation set was 

necessary in order to check whether the models augmented with HPMC PSD data can still 

reliably predict these samples. The shapes of the measured and predicted curves are very similar 

except for formulations V3 and V4. The steep initial slope of these curves which flatten abruptly 

could not be captured by any of the three methods, thus the predicted drug release rates are 

considerably slower than what the measurements showed. In the case of the other seven 

samples, the results are more satisfactory; variations in the shape are accurately predicted. 

 Formulations V10-V14 contained samples with sieved HPMC. In these cases, HPMC 

PSD can be a vital factor, as when a sieve fraction above 100 μm is used, drug release will be 

much faster, samples with 20 or 30% of HPMC might perform similarly to 10% HPMC systems 

with non-sieved PSD. Generally, the same observations can be made regarding tablets with 

sieved HPMC, the slower the drug release, the more accurate the predictions become. ANN and 

SVM predictions of formulation V10 show an interesting phenomenon where the profile 

reaches a peak above the maximum dissolution very quickly and then starts to decrease towards 

the final value. This might be caused by the inability of the models to describe practically 

instantaneous dissolution. Formulation V11 appeared to be the most challenging, possibly 

because a balance had to be found between the strong sustaining effect of 30% HPMC content 

and the rapid dissolution of the second largest HPMC fraction. Samples with smaller HPMC 

fractions were predicted accurately, the reason for this is that once the particle size of HPMC 

is small enough, the formation of a continuous gel layer is not inhibited, thus the HPMC content 

remains the dominant factor. The ANN model without PSD data predicted formulations V1-V9 

with a similar performance to other models. As these samples did not differ in their HPMC 

PSD, the lack of information about this parameter could not cause problems. However, in the 
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case of the last five formulations, this model gives the worst results, especially for formulations 

V10 and V11. As these contained the two largest HPMC fractions, ignoring the effect of PSD 

led to the prediction of much slower dissolution curves. Similarly, this model predicts faster 

dissolution for the last 3 samples, where small HPMC fractions are used which make the drug 

release slower than with non-sieved HPMC. The examination of these curves verifies that 

ignoring PSD data leads to poor results. 

 When comparing the three machine learning methods, the observation is that SVM and 

ERT predictions do not form a continuous curve like ANN. The inability to create a single 

model instead of numerous individual ones appears to be a clear disadvantage here. In general, 

the curves predicted by ANN are more similar to the measured curves, as indicated earlier by 

the higher f2 values. SVM and ERT have considerably more predictions falling below the 

acceptance limit of f2 = 50. Out of these two, SVM performs consistently better by having 1 or 

2 less predictions below the limit in all cases. It can be concluded that SVM and ERT can be 

utilized when the goal is to predict a few distant points of a curve, but whole curves should be 

predicted by methods that can use a single model to predict all time points at once. On the other 

hand, ANN was once again proven to be a capable method of predicting the dissolution curves 

of sustained-release formulations. 

4.2.4 Conclusions 

 The combination of data yielded by PAT sensors with CMAs can have great benefits in 

quality control. This work supports the implementation of surrogate in vitro dissolution 

prediction models based on spectroscopic and process data and off-line measured CMAs. The 

effect of the API and matrix polymer particle size on the drug release profile of sustained release 

tablets was evaluated, the latter was found to be a significant factor that should be included in 

dissolution prediction models. Dissolution data from an earlier work was augmented with new 

experiments where the tablets contained HPMC of five different particle size fractions. 

Dissolution prediction models were built using ANN, SVM and ERT techniques. To represent 

the PSD of the HPMC fractions, five different methods were tested. It was found that the 

number of variables representing PSD must be chosen carefully depending on the type of model 

used. Out of the three machine learning methods, ANN proved to be the most suitable, while 

the other two methods were found to be less accurate. Further possible utilizations of the 

developed models could be realized by implementing real-time sensors such as machine vision 

to measure the PSD of powders during feeding, enabling the prediction of in vitro dissolution 

profiles based on real-time data. 
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4.3 Utilization of machine vision as a PAT tool in a continuous powder 

blending process 

 The purpose of this work was to develop a novel PAT tool which is capable of the in-

line monitoring of the API content of a powder blend. A digital camera can potentially measure 

the concentration of colored substances in low concentrations where spectroscopic techniques 

are not reliable. RI was chosen as a model drug for these experiments, firstly the LoD and LoQ 

values of the method were determined. Thereafter, a calibration was prepared for the 

measurement of RI concentration in the range of 0.2-0.45 w/w%, this technique was validated 

with UV-Vis spectroscopy. The developed method was then used to characterize the continuous 

blending process of RI with CHP by measuring the RTD of RI. Lastly, the effectiveness of the 

new PAT tool was demonstrated by realizing the in-line measurement of RI concentration and 

utilizing the obtained information for real-time feedback control of the continuous blending 

process. 

4.3.1 Determination of LoD and LoQ 

 In order to evaluate whether the proposed machine vision system is capable of 

measuring RI content in sub 1 w/w% ranges, an experiment was carried out to determine the 

LoD and LoQ of the method. Calibration samples were prepared by mixing 1-2-3-4-5 w/w% of 

RI-MCC with CHP in the batch homogenizer (60 rpm, 10 min). These samples were manually 

fed into the inlet of the twin screw blender, which was operated at 100 rpm. Images were 

recorded from the material falling on the conveyor. Pure CHP was also measured to represent 

the y-intercept of the calibration. During the experiments, samples of approximately 1 g were 

collected at the end of the conveyor. As the speed of the conveyor is 8.3 cm/s and the length of 

the imaged area is 9 cm, it takes 1.094 s for a particle to pass through the area. The total mass 

flow during the experiments was approximately 1200 g/h or 0.33 g/s, multiplying this with 

1.094 s, 0.36 g of material is present in each image. Since 30 images were averaged for the 

concentration predictions, at a rate of 7 fps it requires 4.3 s to record these image, during this 

time approximately 1.42g of material passes under the camera, thus the collected sample size 

of 1 g is similar to the sample size of the images. The RI content of samples taken at the end of 

the conveyor was determined by UV/VIS spectroscopy, results are shown in Table 9. 
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Table 9. RI content of calibration samples determined by UV/VIS spectroscopy. 

Nominal RI-MCC content 

(w/w%) 

Nominal RI content 

(w/w%) 

Measured RI content 

(w/w%) 

1 0.02 0.024±0.001 

2 0.04 0.043±0.002 

3 0.06 0.067±0.003 

4 0.08 0.085±0.001 

5 0.1 0.100±0.003 

 

For comparison, an image of the six calibration samples is presented in Figure 33. The 

samples can be clearly distinguished with the naked eye, implying that the colored API gives 

an intense color even in these low concentrations. 

Figure 33. Sample images of the six calibration samples used to determine the LoD 

and LoQ of the method. 

 After segmentation, the average b* value of the sample pixels was calculated for all 

images. These values were used to create a regression model that predicts the RI content of the 

samples. It was found that a second order polynomial can describe the correlation with good 

accuracy. After fitting the polynomial, the following equation was obtained (Eq. 6): 

                                    𝑅𝐼% = 0.0001495𝑏∗2 + 0.005399𝑏∗ + 0.04769 (6) 

 The R2 value of the fit was 0.983. The values obtained during the calculation of LoD 

and LoQ are shown in Table 10. 

Table 10. Calculation of LoD and LoQ. 

Parameter Value 

Slope of the calibration curve 0.983 

Standard deviation of y-intercept 0.00488 

Limit of Detection 0.015 w/w% 

Limit of Quantification 0.046 w/w% 

 

 The method has a LoD value of 0.015 w/w% and a LoQ of 0.046 w/w%. This shows 

that the developed machine vision method can be safely used to measure concentrations as low 

as 0.05 w/w%. This method can potentially be used with most of the colored substances, 
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furthermore, the possibility of detection in such low quantities might also enable the utilization 

of colored compounds as tracer materials for indirect quantification of colorless APIs. A 

possible example of this is the case when a colorless API is coprocessed with a colored tracer 

material (for example spray drying, wet granulation, extrusion). If the ratio of their 

concentrations remains constant during the manufacturing steps, the concentration of the 

colored tracer allows us to indirectly determine the concentration of the API as well. Before 

such an implementation, careful consideration is required, as the different components have 

their own RTDs and the API and tracer materials do not necessarily disperse uniformly. Thus, 

the even distribution of the components should be proven using a reference method such as 

HPLC. 

4.3.2 Utilization of the machine vision system as a PAT tool 

 As the next step, a new in situ calibration was prepared in the working range of the RI-

MCC feeder. In this case, CHP and RI-MCC were fed using their feeders. The mass flow of 

CHP was set to1 kg/h, while the feeder of RI-MCC was operated in volumetric mode, its rpm 

was set to 10, 15, 20, 25 and 30. Volumetric feeding could be used in this case because during 

this short experiment the mass of RI-MCC in the feeder did not change significantly, thus the 

mass flow remained nearly constant. The twin screw blender was operated at 100 rpm. The 

feeding rate of RI-MCC was kept at the aforementioned values for three minutes. During this 

time, samples were taken at the end of the conveyor to determine the RI content by UV/VIS 

spectrometry. The measured RI concentration for each feeder rpm setting is shown in Table 11. 

Plotting these values results in an almost perfect first order linear fit (data not shown), implying 

that the feed factor (the weight of powder delivered by one revolution of the feeder) [190] is 

almost constant in this range. 

Table 11. RI content of in situ calibration samples determined by UV/VIS spectroscopy. 

RI-MCC feeder rpm Measured RI content (w/w%) 

10 0.198±0.005 

15 0.262±0.004 

20 0.324±0.007 

25 0.388±0.002 

30 0.452±0.014 

 

 Similarly to the first case, a second order polynomial was fitted to the RI concentrations 

measured by UV/VIS spectroscopy and the average b* value of the images; in this case the 

equation looks as follows (Eq. 7): 
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                             𝑅𝐼% = 0.000488 − 0.00267𝑏∗ + 0.0983 (7) 

 An R2 value of 0.997 was obtained. The increase compared to the previous calibration 

can be attributed to the absence of 0% samples, which do not fit well on the practically linear 

line of the samples containing RI. 

 This calibration was utilized in a monitoring experiment, where its predictions were 

validated with UV/VIS spectrometry. This was carried out during an experiment where RI-

MCC was fed at constant rates and twice the rpm of the CHP feeder was changed. Both RI-

MCC and CHP were fed in volumetric mode, the twin screw blender operated at 100 rpm. 

Images of the product on the conveyor were taken at a rate of 7 fps, the RI concentrations 

predicted were aver-aged for every 30 images to obtain a result that is more robust to variability 

between individual images. At 160 s, the feeding rate of CHP was increased from 52 rpm to 67 

rpm and at 480 s it was decreased from 67 rpm to 52 rpm. The experiment ran for 15 min, at 30 

s and every 60 s afterwards a sample was taken at the end of the conveyor for UV/VIS 

measurement, resulting in 15 sample points. Figure 34. shows the predicted and measured RI 

concentrations during the experiment. 

 

Figure 34. Predicted and measured RI concentrations during a blending experiment. 

The concentration values predicted by images and measured by UV/VIS spectrometry were 

coupled by taking into account the time the sample takes to travel from the camera to the end 

of the conveyor, which is 12 s, thus for example the sample taken at 30s corresponds to 

predictions by the camera at 18 s. To compare measured and predicted values, the values 

predicted by 10 images around the sampling time point were averaged with the sampling time 

in the middle, Table 12. shows these values. 
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Table 12. RI content predicted by image analysis and measured by UV/VIS spectrometry 

during the blending experiment 

Time (s) Predicted RI w/w% Measured RI w/w% Relative error 

18 0.351 0.352 -0.284% 

78 0.346 0.340 1.765% 

138 0.334 0.344 -2.907% 

198 0.282 0.280 0.714% 

258 0.279 0.276 1.087% 

318 0.304 0.289 5.190% 

378 0.304 0.304 0% 

438 0.313 0.313 0% 

498 0.314 0.303 3.630% 

558 0.359 0.370 -2.973% 

618 0.348 0.362 -3.867% 

678 0.367 0.372 -1.344% 

738 0.349 0.358 -2.514% 

798 0.348 0.351 -0.855% 

858 0.334 0.343 -2.624% 

 

 In order to quantify the predictive capability of the image analysis method, the RMSEP 

was calculated resulting in a value of 0.0082 w/w%, which is a relative error of 2.53 % at the 

target concentration of 0.324 w/w%. This shows that the image analysis method is capable of 

measuring the very low concentration of RI with great accuracy. The results can be compared 

with other works where authors reported the measurement of API concentration with an RGB 

camera. Mészáros et al. [65] measured the concentration of meloxicam in tablets with API 

contents between 0–2.5 %, an RMSEP value of 0.11 was obtained, which corresponds to a 

relative error of approximately 5%. This is a similar result, showing that this technique can also 

be utilized in the case of tablets with a colored API. Durão et al. [20] measured the concentration 

of beta-carotene, RI, ferrous fumarate, ginseng, ascorbic acid and pyridoxine in a multi-

component blend. They found that the RGB camera can accurately predict the concentration of 

ferrous fumarate (R2
test = 0.93), RI was predicted with an R2

test value of 0.62, the other 

compounds resulted in values below 0.5. In a following work, Durão et al. [165] studied the 

specificity of PAT tools in the measurement of similar blends. Unlike the previous study, this 

time they introduced concentration changes according to a design of experiments, where the 

concentration of multiple ingredients is changed between each setting. This way it can be 

determined how the other components influence the measurement of a certain compound. In 

this case, the R2
test of RI was 0.78, while a value of 0.7 was determined for ferrous fumarate 

and ginseng. The concentration of RI was ∼1% in both works. In the present work, a higher 
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accuracy was obtained, this shows that the measurement can be more precise when other 

colored substances are not interfering. 

 After the successful validation of the technique, the machine vision system was utilized 

to determine the RTD of the continuous blending process. An accurately measured RTD can be 

very beneficial for continuous manufacturing processes, as it enables the tracing of materials, 

the identification of out of specification product, while understanding the reaction of the system 

to disturbances can also contribute to the development of a robust feedback control. The RTD 

of the system was determined by adding pulses of RI-MCC to a constant flow of CHP. CHP 

was fed at a rate of 1 kg/h in gravimetric mode, 1 g of RI-MCC was added to this 

instantaneously into the feeding zone of the blender at three time points (15 s, 67s, and 125 s 

after starting the experiment). Images were recorded from the material on the conveyor, the 

developed calibration was utilized to calculate the RI content of the samples. The resulting 

concentration-time plot is shown in Figure 35. 

 

Figure 35. Calculated RI concentration vs. time during the RTD experiment. 

 The obtained response curves were evaluated by fitting a tanks-in-series model to them 

as described by Engisch et al. [1]. Firstly, the concentration profiles were separated in a way 

that their timescale begins at the second the pulse was added and the baseline was subtracted 

so that values were close to zero before the peak. The residence time distribution E(t) can be 

calculated by dividing the concentration profile by the area under the curve (Eq. 8). 

                              𝐸(𝑡) =
𝐶(𝑡)

∫ 𝐶(𝑡)𝑑𝑡
∞

0

(8) 
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 In order to calculate the parameters of RTD, a function is fitted to this using two 

parameters, n is the number of continuous stirred tank reactors (CSTRs) in the series, while τ is 

the mean residence time (Eq. 9). 

                          𝐸(𝑡) =
𝑡𝑛−1

(𝑛 − 1)! (
𝜏
𝑛)𝑛

𝑒(
−𝑛𝑡

𝜏
)

(9) 

 After fitting the function to the three individual measurements, it was found that a model 

with 104 tanks and a mean residence time of 32.12 s sufficiently fits the curves as shown in 

Figure 36. 

 

Figure 36. Tanks-in-series model fitted to the three pulse responses. a) first peak; b) second 

peak; c) third peak. 

 RI gives a rather narrow peak, about 15 s wide at the bottom. This knowledge can be 

used during a continuous manufacturing process to develop a more robust control and quality 

assurance strategy. 

 As RTD measurements are likely to become more common in the future of 

pharmaceutical manufacturing, the demand will grow for tools allowing fast and cheap 

execution of such measurements. For this purpose, RI can possibly be used as a tracer material 

in a case where the concentration of the API can not be measured directly or at least not 

economically. 

4.3.3 Feedback control of the continuous blending system 

 The real-time measurement of RI concentration was utilized in feedback control 

experiments where the feeding rate of RI-MCC was modified in order to keep RI concentration 

at a set value. For this purpose, a PID controller was utilized as described by Nagy et al. [18]. 

The controller used a proportional and integral term, derivative term was not used. The 
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proportional term (P) was calculated by subtracting the measured concentration (c(n)) from the 

setpoint (xa), this was multiplied by the proportional gain, KP (Eq. 10): 

                                   𝑃 =  𝐾𝑃 ∗ (𝑥𝑎 − 𝑐(𝑛)) (10) 

 When the KP is too small, the system responds very slowly to changes, while a too large 

value leads to high amplitude oscillation around the target value, thus it is vital to find the 

optimal value for this parameter. The integral term (I) is calculated as follows (Eq. 11): 

                         𝐼 =  𝐾𝐼 ∑[𝑡(𝑖) − 𝑡(𝑖 − 1)] ∗
2 ∗ 𝑥𝑎 − 𝑐(𝑖 − 1) − (𝑐𝑖)

2

𝑛

𝑖=1

(11) 

 where KI is the integral gain and t is the time of the measurements. The integral term is 

useful in eliminating the residual error which occurs when only a proportional term is used. The 

control signal (xc) is the sum of the proportional and integral terms (Eq. 12) and it is used to 

calculate the output signal of the controller (xo) that is used to determine the new feeding rate 

of the RI-MCC feeder (Eq. 13). 

                              𝑥𝑐 =  𝑃 + 𝐼 (12) 

                                    𝑥𝑜 = (
𝑥𝑎 − 𝑐𝑚𝑖𝑛

𝑐𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
) ∗ 100 +  𝑥𝑐 (13) 

 where cmin is the RI concentration measured at the minimum feeding rate and cmax is the 

RI concentration measured at the maximum feeding rate. 

 In order realize an effective feedback control, an optimal value for the proportional and 

integral terms of the PI controller needed to be determined. The optimization of the proportional 

term KP was carried out by starting at a larger value and then lowering it and evaluating how 

the system oscillates. During the optimization of KP, the integral term, KI was set to 0. In the 

first experiment, a KP value of 5 was tested (Figure 37a). The results clearly show that this 

value is too large, as the system oscillates with high amplitude. After this the value was lowered 

to 3 (Figure 37b). The performance was better in this case, however a small amount of lasting 

deviation could be observed, therefore in the next step, the KI term was introduced at a value 

of 0.01. This setting resulted in significant improvement (Figure 37c). In this case the 

oscillations are quickly dampened and after around two minutes, the concentration reaches 

values close to the setpoint. 
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Figure 37. Predicted RI concentration during feedback control experiments. a) KP= 5, KI= 0; 

b) KP= 3, KI= 0; c) KP= 3, KI= 0.01. 

 This setting (KP= 3, KI= 0.01) was found to be reasonably good, therefore a last 

experiment was performed where the capability of the controller was tested by simulating a 

gradual decrease in the feeding of CHP which might occur during volumetric feeding of 

powders (Figure 38).  
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Figure 38. Predicted RI concentration during feedback control experiments. The arrow marks 

where feedback control was turned off. 

 This was accomplished by lowering the feeding rate of CHP by 2 rpm every 3 min 

during the whole experiment. In order to compare the performance of the controller with a 

scenario where no PAT tool is used, after 540 s the feeding rate of RI-MCC was no longer 

adjusted by the controller. 

 The controller was capable of maintaining the concentration at a level slightly above the 

target (from 140 to 540 s, the average concentration was 0.339 w/w%, which is a relative 

difference of 4.6 % compared to the target). This difference can be attributed to the fact that the 

controller had to constantly compensate for the reductions in the feeding rate of CHP. After 

feedback was no longer applied, RI concentration started to increase, highlighting the 

importance of a PAT tool in continuous blending. This experiment simulated a case where due 

to volumetric feeding, the mass flow of a powder during blending is not constant, instead it 

tends to decrease with time until eventually a refill is required. As the system was controlled 

real-time based on the information yielded by the PAT tool, this can be considered an 

implementation of PACT. So far, this is not a common occurrence in the literature, as most 

PAT applications tend to emphasize collecting information about the system, while refraining 

from utilizing the data for real-time control purposes. 

 The implementation of this machine vision-based method does not require large 

investments, as the utilized camera is not required to be capable of recording images at several 

hundred fps, nor must it have a very high resolution. In fact, a camera with performance similar 

to one that is found in an average smartphone is perfectly appropriate for these measurements. 

The main requirements are therefore the ability to establish real-time connection with a 

computer for the analysis of the images and a software which allows the user to save the exact 
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settings of the camera, so that the reproducibility of the measurements can be assured. An 

industrial application also necessitates an apparatus which is compliant with the regulations, 

there are cameras which are designed to meet the standards of pharmaceutical manufacturing 

[94, 191]. The applied illumination system must be capable of providing constant lighting, as 

disturbances in the brightness can be detrimental. 

4.3.4 Conclusions 

 The proposed machine vision technique is capable of accurately measuring the 

concentration of RI in quantities below 0.5 %. This implies that APIs with an intense color can 

still be reliably measured even if its concentration is too low for spectroscopic instruments. The 

LoQ value of 0.046 w/w% suggests that RI concentration can be safely quantified around 0.1 

w/w%. This could be the foundation of future research where RI is applied as a tracer material 

for APIs which do not have strong color and for some reason cannot be measured with 

conventional spectroscopic techniques in the case when the API and the tracer material are 

coprocessed. Its utilization should not cause safety concerns, as RI is vitamin essential for life 

and as such its presence should be tolerated by patients. RI has also been suggested as an oral 

tracer material to be included in dosage forms in order to enable the quick determination of 

patient compliance by analyzing the RI content in urine [192, 193]. In this case tracer refers to 

a material which is coprocessed with the API in a low quantity but its concentration is easier to 

measure due to its intense color. Such an application assumes that the API and the tracer 

material move together through the system, thus careful consideration and validation is required 

before utilization. This technique might have a great potential in the case of hormone APIs, as 

they are often present in such low quantities that direct in-line quantification is not possible 

with current methods. Continuous manufacturing of such formulations might be especially 

challenging, thus a simple method of measuring their concentration in-line could turn out to be 

a game changer in this field. 
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4.4 Measurement of low dose API content in the product of continuous 

TSWG with machine vision 

 As the previous work has shown, the concentration of RI in powder blends can be 

accurately measured even in very small quantities with a digital camera. The aim of this study 

was to capitalize on this result by investigating the possibility of using RI as a colored tracer 

for the indirect real-time measurement of the API content of granules manufactured on a TSWG 

apparatus. This can be accomplished by dissolving both RI and the API in the granulation 

liquid, therefore it can be expected that the color of the granules will correlate with the API 

content. Firstly, the concept was tested in a placebo experiment by attempting to create a 

correlation between the color of the granules and the applied L/S ratio. Afterwards, a 

manufacturing was performed with CAR dissolved in the granulation liquid, therefore this time 

the connection between color and API content could be examined. The method was also 

validated by performing a run where samples were taken and their API content was determined 

with HPLC. To conclude the work, a second calibration was created and then validated with 

improved settings. This time, the amount of RI in the granulation liquid was halved, while the 

mass flow rate of the system was doubled and the calibration covered a slightly larger range.  

4.4.1 Preliminary experiments 

 As a first step, granulation was performed in a mortar by adding different amounts of 

colored granulation liquid. In every case, 30 g of lactose-corn starch blend was filled in the 

mortar, after which an automatic pipette was used to add a certain amount of granulation liquid, 

the amounts are shown in Table 13. 

Table 13. The amount of granulation liquid added to 30 g of powder blend in the preliminary 

mortar experiment 

L/S ratio Weight of added liquid (g) 

0.087 2.61 

0.105 3.15 

0.124 3.71 

0.156 4.68 

0.176 5.29 

 

 The prepared granules were then placed under the camera inside the black box and 

images were recorded in order to evaluate whether it is possible to infer to the L/S ratio based 

on the color of the granules. The resulting images are shown in Figure 39., the intensification 
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of the color as the L/S ratio increases can be clearly seen. Therefore it was decided that the 

method should be tested in an actual granulation experiment. 

 

Figure 39. Images of granules prepared with various L/S ratios 

 This experiment was performed by feeding the lactose-corn starch blend into the TSWG 

apparatus at a rate of 1 kg/h, the screw speed of the granulator was 100 rpm and the feeding 

rate of the granulation liquid (which did not contain API) was controlled by setting the rpm 

value of the peristaltic pump to the values shown in Table 14.  

Table 14. Settings of the placebo calibration experiment 

L/S ratio Pump setting (rpm) 

0.101 4.5 

0.110 4.9 

0.119 5.3 

0.128 5.7 

0.137 6.1 

0.146 6.5 

0.155 6.9 

0.164 7.3 

 

 The experiment was executed by starting at the lowest value and increasing it step-by-

step until the highest. After the rpm value of the pump was changed, the system took 

approximately one minute to achieve the new steady state, during this phase no images were 

recorded. After one minute, image recording was started and carried on for two minutes. This 

was followed by a change in the pump setting and this cycle continued until all settings were 

completed.  

 A first order polynomial was fitted to the average b* value of the images and the L/S 

ratio (Eq. 14). The fitted polynomial can be observed in Figure 40.  

                             𝐿/𝑆 = 0.002868𝑏∗ + 0.09005 (14) 
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Figure 40. The correlation between the average b* value of the granules and the L/S ratio 

 The R2 value of the fit was 0.926, implying that there is a strong correlation between the 

L/S ratio and the color of the granules. When the API is also dissolved in the granulation liquid, 

the API content of the granules should correlate with the L/S ratio and as it was shown here, 

the L/S ratio correlates with color, thus the next logical step is to examine whether the color 

also correlates with API content. 

4.4.2 Measurement of the API content of granules via a colored tracer material 

 In order to determine whether the API content can be measured with the developed 

machine vision-based method, a new calibration experiment was performed. Similarly to the 

previous instance, the TSWG apparatus operated at 100 rpm and the feeding rate of the powder 

mixture was 1 kg/h. This time CAR was also dissolved in the granulation liquid, the L/S ratio 

was controlled by setting the speed of the peristaltic pump according to the plan shown in Table 

15. 

Table 15. Settings of the first API content calibration experiment 

Number of setting L/S ratio Pump setting (rpm) 

1 0.119 5.3 

2 0.128 5.7 

3 0.137 6.1 

4 0.146 6.5 

5 0.137 6.1 

6 0.128 5.7 

7 0.119 5.3 
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 This time instead of only increasing the L/S ratio, it was increased during the first four 

steps while it was decreased in the remaining three steps. This way the calibration included 

cases where due to the accumulated granulation liquid on the screws, the actual L/S ratio of the 

product is slightly higher than expected. Based on the results of this calibration, it can be 

evaluated whether the method is sensitive to these deviations by comparing the b* values of 

images where the nominal L/S ratio was the same. The pump speed was kept at each value for 

3 minutes, the first minute was for achieving the new steady state, images were recorded in the 

last two minutes. In order to obtain API content values which can be connected to the color of 

the granules, 3 samples were collected for HPLC at each setting, resulting in a total of 21 

samples. The samples were taken at 90, 120 and 150 seconds after the pump speed was adjusted, 

thus they covered the steady state phase. Samples were collected by placing a sample holder at 

the end of the chute for 3 seconds. After HPLC analysis, the obtained CAR content of the three 

samples belonging to one setting were averaged, consequently a single API content value 

represented the whole setting. 

 Regression was performed by using the API content value of each setting and the 

average b* value of images recorded at that setting (Figure 41). 

 

Figure 41. The correlation between the average b* value and the CAR content of the granules 

  This time a second order polynomial provided a more reasonable fit (R2 value of 0.956) 

(Eq. 15).  

                        𝐶𝐴𝑅 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 (
𝑤

𝑤
%) = 3.357 ∗ 10−5𝑏∗2 − 0.0005528𝑏∗ + 0.04222 (15) 
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 This calibration was then tested in a validation experiment. This time images were 

recorded continuously for 15 minutes, during this period the peristaltic pump speed was 

adjusted two times to higher levels. In the beginning, it was kept at 5.3 rpm for 5 minutes, then 

it was increased to 5.9 rpm, and lastly to 6.3 rpm after another 5 minutes. At each setting, 

samples were taken every 30 seconds staring at 120 seconds, resulting in 5 samples and a total 

of 15 for the whole run. The CAR content of these samples was determined using HPLC. The 

values predicted by the image analysis algorithm could be compared to these, as time points 

can be coupled with each recorded image. The CAR content determined by HPLC and the 

predictions obtained from image analysis are plotted in Figure 42. 

 

Figure 42. CAR content predicted by image analysis and measured by HPLC in the validation 

run 

 It is clear from Figure 42. that the image analysis method is capable of accurately 

predicting the CAR content of the granules, predictions are shown in Table 16.  

Table 16. The predicted and measured CAR content and the relative errors of both predictions 

at the sampled points during the first validation run. Average and relative standard deviation 

(RSD) values are calculated from all measured point of the time intervals. 

Time 

[s] 

Predicted CAR content 

[w/w%] 

CAR content 

measured by HPLC 

[w/w%] 

Relative error of 

prediction 

[%] 

150 0.0442 0.0440 0.57% 

180 0.0442 0.0447 -1.13% 
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Time 

[s] 

Predicted CAR content 

[w/w%] 

CAR content 

measured by HPLC 

[w/w%] 

Relative error of 

prediction 

[%] 

210 0.0444 0.0446 -0.34% 

240 0.0444 0.0452 -1.80% 

270 0.0444 0.0445 -0.11% 

Average (RSD) 
0.0443 

(0.34%) 

0.0446 

(0.90%) 
 

450 0.0481 0.0492 -2.29% 

480 0.0491 0.0499 -1.53% 

510 0.0485 0.0519 -7.01% 

540 0.0495 0.0494 0.30% 

570 0.0496 0.0501 -1.01% 

Average (RSD) 
0.0491 

(1.29%) 

0.0501 

(1.93%) 
 

750 0.055 0.0541 1.73% 

780 0.0526 0.0517 1.71% 

810 0.0519 0.0516 0.67% 

840 0.0551 0.0549 0.36% 

870 0.053 0.0512 3.49% 

Average (RSD) 
0.0536 

(2.74%) 

0.0527 

(2.86%) 
 

 

 The increases in CAR content caused by the adjustments in the feeding rate of the 

granulation liquid can be reliably detected with the image analysis method. The last 5 points 

are especially interesting, as in that area the granulation process was not stable, strong 

oscillations can be observed in the API content. However, the predictions are in good agreement 

with the HPLC results, thus the proposed method appears to be reliable to detect these 

deviations. The accuracy of the predictions can be quantified by calculating the RMSEP value, 

the result is a very small relative error of 2.62%, therefore this technique has a very strong 

potential in the real-time monitoring of low dose API content. The validation has also indirectly 

shown that CAR and RI disperse practically identically, as if their RTDs were strongly different, 

such good predictions would not have been possible. 

 The success of this experiment encouraged further improvements to the technique. For 

this purpose, a second calibration was performed with some changes in the manufacturing 

settings. Most notably, the amount of RI in the granulation liquid was halved, as based on our 

experience, it still gives adequate color to the product in that quantity. Furthermore, the mass 

flow rate of the granulation system was doubled, the feeding rate of the lactose-corn starch 

powder mixture was 2 kg/h, the screw speed of the TSWG apparatus was 200 rpm and the 
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peristaltic pump rates were also doubled. With the higher mass flow, theoretically on average 

twice as many particles should be present in each image which is obviously a great benefit. 

Also, the higher throughput is closer to what would be applied in an industrial environment. 

Lastly, the doubling of the screw speed decreases the mean residence time of the materials in 

the granulator and makes transitions between L/S levels faster. 

 A new calibration was performed with settings shown in Table 17. For another 

improvement, this time a broader range of L/S ratios was covered. The calibration was 

performed the same way as before. 

Table 17. Settings of the first API content calibration experiment 

Number of setting L/S ratio Pump setting (rpm) 

1 0.099 8.8 

2 0.109 9.7 

3 0.118 10.5 

4 0.128 11.4 

5 0.138 12.3 

6 0.147 13.1 

7 0.157 14 

 

 The calibration was constructed the same way as before, again a second order 

polynomial was fitted to the data, this time an R2 value of 0.940 was obtained (Eq. 16). 

                   𝐶𝐴𝑅 𝑐𝑜𝑛𝑡𝑒𝑛𝑡 (
𝑤

𝑤
%) = −1.327 ∗ 10−6𝑏∗2 + 0.0009202𝑏∗ + 0.03905 (16) 

 A similar 15 minutes long validation experiment was conducted, this time the aim was 

to introduce larger step changes (approximately 25% increase compared to the previous level) 

with the adjustment of the feeding rate of the peristaltic pump. The pump setting was 8.8 rpm, 

11 rpm and 13.8 rpm in the three steps. Sampling for HPLC analysis was similar to the previous 

experiment. The CAR content predicted by the image analysis technique and measured by 

HPLC during this experiment is shown in Figure 43. 
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Figure 43. CAR content predicted by image analysis and measured by HPLC in the second 

validation run. The arrow marks the time when the deviation in the feeding rate occurred. 

 It is apparent at first sight that there was a deviation during this experiment, as the 

concentrations at the second step are barely higher than at the first. However, there is a good 

explanation for this incident. At approximately 390 seconds, the feeding rate of the lactose-corn 

starch mixture started to deviate from the target of 2 kg/h, and it stayed at around 2.1 kg/h until 

600 seconds, after which it returned to the desired value. Considering this, it is not surprising 

that concentrations become lower than what was expected from the nominal L/S ratio. 

Therefore, this seemingly unfortunate event further demonstrates the capability of the machine 

vision-based technique, as the unexpected deviation could be easily detected with this method. 

The RMSEP value is 4.51% in this case, individual predictions are shown in Table 18. 

Table 18. The predicted and measured CAR content and the relative errors of both predictions 

at the sampled points during the second validation run. Average and relative standard deviation 

(RSD) values are calculated from all measured point of the time intervals. 

Time 

[s] 

Predicted CAR content 

[w/w%] 

CAR measured by 

HPLC 

[w/w%] 

Relative error of 

prediction 

150 0.0389 0.0404 -3.59% 

180 0.0390 0.0398 -2.01% 

210 0.0387 0.0394 -1.78% 

240 0.0392 0.0407 -3.69% 

270 0.0397 0.0405 -1.98% 
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Time 

[s] 

Predicted CAR content 

[w/w%] 

CAR measured by 

HPLC 

[w/w%] 

Relative error of 

prediction 

Average (RSD) 
0.0391 

(0.71%) 

0.0402 

(1.19%) 
 

450 0.0418 0.0415 0.72% 

480 0.0419 0.0399 5.01% 

510 0.0421 0.0403 4.60% 

540 0.0427 0.0420 1.67% 

570 0.0422 0.0422 0.00% 

Average (RSD) 
0.0422 

(0.83%) 

0.0412 

(2.26%) 
 

750 0.0498 0.0525 -5.14% 

780 0.0509 0.0545 -6.52% 

810 0.0529 0.0553 -4.34% 

840 0.0534 0.0548 -2.55% 

870 0.0535 0.0507 5.52% 

Average (RSD) 
0.0528 

(3.95%) 

0.0536 

(3.20%) 
 

 

 This can be mainly attributed to the fact that in the third step, the predictions of the first 

4 points are consistently under the measured values. This might imply that the method becomes 

less accurate in the upper part of the calibration range. However, under normal working 

conditions the technology should not deviate that far from the target value, therefore accuracy 

is more important around the center of the range. The most important feature of the method is 

that can reliably recognize cases where the API content moves outside the acceptable range, 

when it is already outside, accurate prediction becomes less meaningful. Thus this second 

experiment has also shown the versatility of the developed indirect API content measurement 

method. 

4.4.4 Conclusions 

 This study focused on the possibility of using RI as a tracer material for and API which 

is present in a very low concentration and is therefore not measurable with direct methods in-

line. It was built on the foundation of our previous work which showed that the amount of RI 

in a powder blend can be accurately measured even in very low concentrations. In this work 

firstly it was shown that the intense color of RI is retained even in the granules and that by 

analyzing the color of the product on in-line recorded images, it is possible to predict the L/S 

ratio. This was followed by two experiments where the API content of granules was predicted 

and then validated with HPLC. The relative RMSEP was 2.62% in the first case which implies 
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that this method has a great potential in the indirect measurement of API content. In the second 

experiment several improvements were made, the amount of tracer was halved, the mass flow 

was doubled and a broader range of L/S ratios was used. After validation, the relative RMSEP 

was found to be 4.51% which again shows the versatility of the technique. During the validation 

run, it was also demonstrated that the indirect API content measurement method is capable of 

recognizing unexpected deviations in the manufacturing process. The proposed tracer technique 

has many possible utilizations, apart from the real-time monitoring of manufacturing, it might 

also be used during the development of granulation processes. In such a scenario, this method 

might be used for a faster measurement of the distribution of the API in the product, therefore 

homogeneity can be evaluated in a much faster way. 
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5. Summary 

 In this work the application of novel analytical techniques in the manufacturing of 

pharmaceutical products was discussed. Data acquired from near-infrared (NIR) and Raman 

spectroscopy was combined with information from other sensors in order to construct a 

surrogate model which predicts the in vitro dissolution profile of extended release tablets. 

Moreover, the possibility of using machine vision for the real-time measurement of the 

concentration of colored active pharmaceutical ingredients (APIs) was investigated. For this 

purpose, a powder blending process was monitored, the concentration of riboflavin (RI), a 

compound with intense orange color could be accurately predicted even in low concentrations 

(<0.5 w/w%). This result was then utilized to develop a technique where RI is applied as a 

tracer material for an API which is present in an even smaller dose (<0.1 w/w%). 

 Extended release tablets were prepared with drotaverine hydrochloride as a model drug 

and hydroxypropyl-methylcellulose (HPMC) as matrix polymer. It was found that HPMC 

content has the strongest influence on the shape of the dissolution curve, while compression 

force has small but significant effect, while API content determines the maximum dissolution 

achieved. NIR and Raman spectroscopy were used to predict the API and HPMC content of the 

tablets, the maximum compression force was determined from the data yielded by the tablet 

press. These three input parameters were used to construct an artificial neural network (ANN) 

model to predict the dissolution profile of tablets. Two different learning algorithms were tested 

and the number of neurons in the hidden layer was optimized. The obtained predictions were 

evaluated using the f2 similarity parameter, the best models were capable of predicting the 

dissolution profile all validation tablets with values higher than the acceptance limit of 50. ANN 

was compared to partial least squares (PLS) which is currently the dominant method in 

surrogate dissolution modeling. ANN was found to be more accurate, the best PLS model had 

an average f2 value of 65.79, while the best ANN model could achieve 74.27. NIR and Raman 

spectroscopy were found to have similar performance, both can be reliably used for this 

purpose. 

 The prediction of in vitro dissolution profiles was studied further by introducing a new 

factor, the particle size of the components. In the first investigations it was found that API 

particle size does not have a significant effect on dissolution rate, while on the other hand, the 

particle size of HPMC has a strong impact, as it influences the polymer’s capability of forming 

a continuous gel layer. Afterwards, new dissolution experiments were performed where tablets 

contained HPMC sieved to 5 different fractions. Various approaches were tested to represent 
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particle size distribution (PSD) data in the dissolution prediction models, as it was not clear 

how many variables are required to provide sufficient information without burdening the model 

with a very large amount of input. Moreover, the performance of ANN was compared to two 

other popular machine learning methods, support vector regression (SVR) and ensemble of 

regression trees (ERT). ANN yielded a better performance than SVR and ERT. The optimal 

PSD representation method was different for each machine learning algorithm implying that 

they require different amounts of data to work efficiently. In all cases, the inclusion of PSD 

data yielded significant improvements compared to the models where PSD data is not supplied, 

thus it can be concluded that particle size is another material attribute which should not be 

neglected in a surrogate in vitro dissolution prediction model. 

 The application of machine vision for the real-time measurement of the concentration 

of a colored compound was first tested in a continuous powder blending environment. 

Microcrystalline cellulose prehomogenized with 2 w/w% RI (RI-MCC) was fed from a 

volumetric feeder and anhydrous calcium hydrogen phosphate from another. The proposed 

machine vision system applies a digital camera mounted above a conveyor which carries the 

product leaving the continuous blender. The images of blends containing different amounts of 

RI can be differentiated based on their average CIELAB color space b* value. Firstly, the limit 

of detection and limit of quantification of RI were determined, they were found to be 0.015 

w/w% and 0.046 w/w%, respectively. The predictions based on a calibration utilizing the b* 

value of images were validated using UV-Vis spectroscopy in a range between 0.25-0.4 w/w%, 

a relative RMSEP value of 2.54% was obtained showing that this method can be used to 

measure the amount of RI with great accuracy. The image analysis technique was used for the 

measurement of the residence time distribution of the system and lastly feedback control of the 

RI-MCC feeder was implemented in order to keep the RI concentration at the desired value, 

thus a scenario of process analytically controlled technology (PACT) was realized. 

 One of the possible implementations of the machine vision technique described in the 

previous paragraph is to use RI as a tracer material for an API which concentration could 

otherwise not be measured in real-time. To test this approach, continuous twin screw wet 

granulation experiments were performed with carvedilol as a drug with concentrations around 

0.05 w/w%. RI was added to the granulation liquid and the digital camera was mounted above 

a black chute which was placed to the outlet of the granulator so that the granules traveled 

through the chute. Granulation was performed by gradually increasing the liquid/solid (L/S) 

ratio. It was found that by using the b* value of the obtained images it is possible to predict the 
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L/S ratio of the granules. The next step was to evaluate whether the color of the granules can 

also be used to indirectly measure the API content. For this purpose a calibration was prepared 

where again the L/S ratio (and consequently, the API content) was gradually changed, samples 

were taken and their API content was determined with HPLC. This obtained information could 

be used to create a correlation between the b* value of the granules and their API content. The 

technique was validated, predictions were compared with HPLC results, a relative RMSEP of 

2.62% was calculated. To further improve the method, a second calibration was prepared in a 

broader L/S range using only half the amount of RI (0.045 w/w%) while the mass flow rate of 

the system was doubled. This time validation resulted in a relative RMSEP of 4.51%, thus the 

proposed technique has a great potential in the indirect measurement of ultralow dose API 

concentration.  
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