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Introduction 

 

The phasor approach is a widely exploited mathematical tool which takes advantage of the 

Discrete Fourier Transform to decompose a signal into a sum of elementary functions, 

characterized by different frequencies.  In the standard approach, the entire signal is 

projected into a point in a 2-dimensional space, named phasor plot, whose coordinates 

represent the real and imaginary part of the DFT and are strictly related to the signal 

properties and shape. Therefore, signals characterized by similar parameters lie closely 

within the phasor plot. Since it offers single point representations of complex signals, the 

phasor approach reduces data dimension, simplifying their handling and interpretation. 

Moreover, the phasor approach has demonstrated to be a really efficient tool in order to 

analyze different experimental signals related to the biophysics field, as fluorescence 

lifetime (Digman et al. 2008), Second Harmonic Generation (Radaelli et al. 2017) and 

holography (Luo et al. 2016). However, despite this wide range of applications, no studies 

have coupled the phasor approach with artificial intelligence techniques to estimate physical 

parameters describing the functional form of the acquired signal. 

In this scenario, during my PhD project, I coupled the standard phasor approach with 

supervised machine learning (ML) techniques, developing novel versatile methods able to 

analyze spectra and images in two different research fields, i.e. histopathology and remote 

sensing. In particular, this thesis proposes three different algorithms which couple the phasor 

approach to ML and statistics-based parameters retrieval pipelines: i-φ-MaLe, 

SuperμMAPPS and Φ-Norm. 

i-φ-MaLe is specifically aimed to analyze the reflectance spectra of vegetation acquired by 

means of hyperspectral sensors. Here, the DFT is no longer computed on the entire 

spectrum, but the phasor approach has been applied on consecutive spectral windows to 

extract a set of parameters, assisted by a ML and a statistics-based retrieval algorithm. The 

relevance and impact of this study is the capability of i-φ-MaLe to simultaneously retrieve, 
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from the acquired signal, the top of canopy fluorescence spectrum F, the F spectrum 

corrected for leaf/canopy reabsorption (i.e. at photosystem level) FRC, the quantum 

efficiency (Fqe) and three canopy-related biophysical parameters (Leaf Area Index, 

Chlorophyll content and the Absorbed Photosynthetically Active Radiation) in few 

milliseconds. Moreover, i-φ-MaLe is the first developed algorithm providing a consistent 

estimate of the FRC and Fqe parameters from experimentally measurements acquired onsite: 

this is a crucial novelty in the Remote Sensing field since the analysis of FRC and Fqe lead to 

new insights regarding the vegetation stress detection.  

SuperμMAPPS analyzes the Polarization-dependent Second Harmonic Generation (P-SHG) 

signal of collagen to extract information related to its microarchitecture in terms of fibrils 

orientation angle and fibrils local disorder. The proposed tool extends the i-φ-MaLe 

algorithm structure by applying the windowed phasor approach to different permutations of 

the original P-SHG spectrum, allowing a fully automated estimate of the collagen 

microstructure with a significant reduction in data acquisition time. This will pave the way 

to an extensive characterization of the collagen properties to improve cancer early diagnosis 

by means of label-free imaging.  

Φ-Norm automatically performs stain normalization of biopsy images acquired in different 

experimental conditions (i.e. different laboratories) by means of whole-slide scanners. In 

particular, Φ-Norm computes the DFT of the RGB color spectrum characterizing each pixel 

in an acquired image. Then, a geometrical-based pipeline applied in the phasor space maps 

the colors of any acquired image to a reference. Stain normalization tools are particularly 

relevant in the histopathology field since they reduce the discrepancies in the color content 

of the same biological structure visualized in different images, leading to an increased 

accuracy of AI algorithms applied for segmentation tasks.  

The first part of the thesis provides a brief introduction regarding the standard phasor 

approach (Section 1) and the problems faced by the three algorithms: the deconvolution of 

fluorescence spectra and biophysical parameters related to the vegetation health from the 
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apparent reflectance spectra acquired at  top of canopy (Section 2), the crucial role of stain 

normalization in the Digital Pathology field (Section 3) and the analysis of the collagen 

micro-architecture by exploiting the PSHG signal (Section 4). 

The second part of the thesis concerns the description and validation of the algorithms and 

their application to real experimental scenarios. In particular, i-φ-MaLe has been at first 

validated by exploiting synthetic apparent reflectance spectra, considering different 

instrumental noise and algorithm tuning parameters (spectral windows width, number of 

exploited phasor planes, dataset size, etc.). Then, it has been applied to analyze real data 

acquired by spectrometers placed both at top of canopy and tower level (~100 m between 

the instrument and the canopy) in order to retrieve seasonal and daily trends characterizing 

the fluorescence and the involved biophysical variables (Section 5). Φ-Norm has been 

applied to liver sections images stained with Hematoxylin and Eosin (H&E) or PicroSirius 

Red (SR) and acquired by means of whole-slide scanners. The proposed stain normalization 

tool has been quantitatively compared with the results obtained through other already 

published methods in terms of color similarity of the same biological structures visualized in 

different images (Section 6). SuperμMAPPS accuracy has been quantified and compared 

with standard fitting approaches on synthetic and experimental P-SHG images of murine 

tendons and human tissues. Moreover, the collagen-related features provided by 

SuperμMAPPS have been exploited to detect early stage breast tumor in human biopsies 

(Section 7).  

The final part of the manuscript provides a brief discussion of the results achieved during 

my PhD project and some perspectives concerning the future developments of each 

algorithm (Section 8). 
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1. Phasor Approach & Machine Learning 

 

In this section, a brief introduction to the most relevant theoretical aspects and properties 

involving the phasor approach is provided, together with some basic principles of the 

Supervised Machine Learning. Indeed, this information is essential  to clearly understand the 

three proposed pipelines (i-φ-MaLe, SuperμMAPPS and Φ-Norm), which are based on the 

coupling of machine learning with the phasor approach. 

1.1 Discrete Fourier Transform 

The Fourier Transform (FT) is a widely exploited computational technique able to 

decompose a signal into a sum of elementary functions, which are easier to analyze 

(Chapeau-Blondeau et al. 2020). These novel signals are complex, periodic, and 

characterized by different frequencies: these properties allow to exploit the FT to analyze the 

original signal in terms of phase or amplitude. Indeed, thanks to the FT application, the 

entire noise contribution affecting a signal at a defined frequency can be deconvolved and 

deleted without losing information concerning other frequency domains (Schoukens et al. 

1986). At the state of the art, the FT is widely exploited among the scientific community and 

plays a key-role in different fields, from acoustic (Salah et al. 2021) and cryptography (Yang 

et al. 2014) to artifact reduction (Reddy et al. 2008) and data compression (Kaushik et al. 

2014). Moreover, novel properties and methods able to reduce its computational cost have 

been recently developed (Rajabi et al. 2022, Burova 2021).  

Briefly, the FT X(f), expressed in the frequency domain, of a signal x(t), in the time domain, 

can be defined as: 

 

𝑋(𝑓) =  ∫
+∞

−∞
𝑥(𝑡)𝑒−2𝜋𝑖𝑡𝑓𝑑𝑡  (1) 
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Unfortunately, in experimental scenarios, each signal is not continuous, but it is 

characterized by a defined number N of acquired points. As a consequence, Eq. 1 has to be 

adapted to discrete signals, obtaining the Discrete Fourier Transform (DFT): 

 

𝑋(𝑘) =  ∑𝑁
𝑛=1 𝑥(𝑛)𝑒

2𝜋𝑖𝑘𝑛

𝑁   (2) 

 

In particular, 0 ≤ k ≤ N, where k is the harmonic number. Similarly to the FT output, X(k) 

encodes the amplitude and phase of a sinusoidal wave of frequency 𝑓 =
𝑘

𝑛
 since it exploits 

the Euler’s formula: 

 

𝑒
2𝜋𝑗𝑘𝑛

𝑁 =𝑐𝑜𝑠  (
2𝜋𝑘𝑛

𝑁
)  + 𝑖 𝑠𝑖𝑛  (

2𝜋𝑘𝑛

𝑁
)   (3) 

 

Since the DFT computational cost is really high (O(N
2
)), where N is the number of 

computational steps performed by the algorithm, the Fast Fourier Transform (FFT) has been 

introduced to significantly fasten the procedure (Duhamel et al. 1990). Briefly, the FFT 

simultaneously computes the odd and even terms of the DFT. As a consequence, the FFT 

computational cost decreases to O(Nlog2N). For instance, for N = 10
9
, if each operation is 

performed in 1 ns, the same computation is successfully completed by the FFT in 30 s, 

while the standard DFT needs more than 31 years. 

1.2  Phasor Approach         

 
The phasor approach has been originally exploited in spectroscopy by Weber (Weber 1981) 

and its graphical representation has been introduced some years later (Jameson et al. 1984). 
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At the state of the art, the phasor approach is widely exploited in biophysics, in particular to 

analyze fluorescence (Feredouni et al. 2012) and lifetime (Digman et al. 2008) signals. 

A description of the method is provided in Figure 1. 

 

 

 

Figure 1. Phasor approach graphical representation. Each pixel of an hyperspectral image 

(left) is associated to a single signal (middle), which is projected in a point of the phasor 

plot (right) with coordinates (G,S) by applying the Discrete Fourier Transform. Signals 

characterized by different shapes are characterized by different coordinates, while 

projections of similar functions lie closely in the phasor plot. 

 

Briefly, the phasor approach takes advantage of the Euler’s formula to project a signal into a 

single point lying in a 2-dimensional space, named phasor plane or phasor plot. The point 

coordinates represent the real and the imaginary part of the FT. For instance, in an 

hyperspectral image, each pixel is endowed with a signal f(λ) whose intensity changes in 

dependence of the acquired emission wavelength. Its real and imaginary coordinates, g(k) 

and s(k), on the phasor plot are defined as: 

 

𝑔(𝑘) =
∫

+∞
−∞

𝑓(𝜆)𝑐𝑜𝑠 (2𝜋𝑘𝜆) 𝑑𝜆

∫
+∞

−∞
𝑓(𝜆)𝑑𝜆

                    𝑠(𝑘) =
∫

+∞
−∞

𝑓(𝜆)𝑠𝑖𝑛 (2𝜋𝑘𝜆) 𝑑𝜆

∫
+∞

−∞
𝑓(𝜆)𝑑𝜆

      (4) 

 

 

In experimental scenarios, Eq. 4 has to be slightly modified in order to consider that the f(λ) 

signal intensity is acquired for a discrete number N of equally spaced wavelengths: 
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𝑔 (𝑘) =
∑𝑁

𝜆=1 𝑓(𝑛)𝑐𝑜𝑠(
2𝜋𝑘𝜆

𝑁
)

∑𝑁
𝜆=1 𝑓(𝜆)

                     𝑠 (𝑘) =
∑𝑁

𝜆=1 𝑓(𝑛)𝑠𝑖𝑛(
2𝜋𝑘𝜆

𝑁
)

∑𝑁
𝜆=1 𝑓(𝜆)

      (5) 

 

The g(k) and s(k) coordinates are strictly related to the signal spectral properties and shape 

(Jameson et al. 1984). Therefore, spectra characterized by similar parameters lie closely 

within the phasor plot (Scodellaro et al. 2022) and, in particular, spectra with the same shape 

will have the same phasor plot coordinates. However, during experimental measurements, 

the acquired spectra are affected by white noise, which impacts the spectral shape and 

therefore its projection on the phasor space. 

 

 

Figure 2. Noise effect on the phasor plot. A) An exemplary function, peaked around 

500nm, is represented in blue, while the same function, affected by noise (SNR = 100), is 

shown in green. B) the spectrum not affected by noise is represented by a single point on the 

phasor plot (in blue), while the green dots are the projection of 10000 spectra characterized 

by  SNR = 100.  

 

 

 

Indeed, as explained in details by Cutrale and colleagues (Cutrale et al. 2017), if (G1, S1) is 

the position on the phasor plot of a spectrum not affected by noise, the projection (G2, S2) of 

the same spectrum affected by a white noise has the probability of 1σ (where sigma 

represents the distribution standard deviation) (with sigma SCRIVI COS’è) to lie inside a 

circle of radius r centered in (G1, S1) with: 

 

𝑟 𝛼 
1

√𝑆𝑁𝑅
  (6) 
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where SNR is the Signal-to-Noise Ratio describing the noise intensity (Figure 2). An 

example is shown in Figure 2, where the projection of a single spectrum not affected by 

noise (Figure 2A, in blue), is represented by fixed coordinates on the phasor plot (Figure 

2B, the blue point). If white noise is applied to the spectrum, the shape on the function is 

randomly modified (Figure 2A, in green). This effect introduces an indetermination 

affecting the projection position on the phasor plot: this is demonstrated by Figure 2B, 

where the green dots represent the projections of the same spectrum (Figure 2A, in blue) 

when white noise (SNR = 100) is applied on it for 10000 different times. In particular, the 

green dots are arranged in a circle centered around  the projection coordinates of the 

spectrum not affected by noise (Cutrale et al. 2017). Both i-φ-MaLe and SuperμMAPPS 

take into account this important property when they analyze experimental spectra (Section 

5.1 and Section 7.1). 

 

The phasor approach is characterized by multiple other advantages: since the phasor 

approach translates entire spectra in single points on the phasor plane, it provides a huge 

reduction of the dataset dimension, simplifying its handling and interpretation and 

preserving, at the same time, the majority of the information content. The phasor approach 

also provides a fast and intuitive representation of the dataset, which is globally analyzed 

exploiting the dispersion of the data in the phasor space. For instance, differences in the 

spectral behavior of the sample can be singled-out by segmenting patches of the phasor 

points distribution directly in the phasor space and by measuring geometrical features of this 

distribution. More important, the information retrieved graphically is not biased by the 

initial parameters values and constrains, contrary to the usual non-linear fitting procedure. 

 

1.3 Supervised and Unsupervised Machine Learning  

Nowadays, the development of powerful computers and the possibility to access to a large 

amount of data stored in public repositories have hugely increased the size and the 
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complexity of statistical problems. Recently, the need of novel techniques concerning data 

storage led to the birth of a new field called data mining (Jothi et al. 2015). In parallel, there 

has been an expansion of the data learning field, which is the capability to analyze data by 

extracting meaningful information, as patterns and trends. These tasks have been 

automatically accomplished by computers exploiting statistical-based algorithms, leading to 

the birth of the Machine Learning (ML) field (Mitchell, 1990). 

ML is considered a branch of  Artificial Intelligence devoted to the development of 

procedures able to automatically analyze huge amount of data and extract meaningful 

trends. ML problems can be categorized in two different classes: Supervised and 

Unsupervised. In Supervised ML (S-ML), the aim is the prediction of an outcome value by 

exploiting a set of input numbers. In particular, during the first phase, which is called 

training phase, the parameters characterizing the architecture of the algorithm are set by 

showing a set of examples, called training dataset. Each entry of the training dataset is 

composed by the input numbers and the corresponding outcome. The algorithm 

automatically set its parameters to associate the input number to the corresponding outcome 

with the best accuracy. In order to validate the method, a set of new data, called test dataset, 

is exploited during the test phase. These data, composed by the same inputs of the training 

dataset, are shown to the algorithm for the first time and the approach has to produce an 

outcome “as it is”, without being able to modify its parameters. Then, the algorithm 

accuracy is evaluated by comparing the prediction provided for each entry of the test dataset 

with the real outcome, which has been hidden from the method by the user. If few data are 

available to train the algorithm, k-fold cross-validation is useful to validate our approach. In 

this case, the data is divided into k subsets. k-1 subsets are exploited as training dataset, and 

the remaining one is considered the test dataset. Thanks to this approach, every subset is 

exploited once as test set and k-1 times as part of the training set. The overall accuracy of 

the ML model is the average value among the k trials. This significantly reduces bias caused 

by underfitting and variance since a huge number of data is exploited during the test phase. 

Differently from S-ML, Unsupervised ML (U-ML) does not provide an outcome since its 
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final goal is finding associations among a set of input data, while it divides  data in different 

groups sharing similar patterns and characteristics. 

In particular, the algorithms described in the following sections (Section 5.1, Section 6.1 

and Section 7.1) are defined as S-ML techniques since their aim is the automated retrieving 

of the parameters (which correspond to the outcome values) characterizing the analyzed 

experimental functions, as the Second Harmonic Generation signal for SuperμMAPPS or the 

reflectance spectrum exploited by i-φ-MaLe. 
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2. Solar-Induced Fluorescence spectra to evaluate the 

vegetation stress status: a brief introduction 

2.1 The Solar-Induced Fluorescence role in Remote Sensing 

When the vegetation is exposed to the sunlight, it absorbs energy, which can be dissipated 

through different paths: Photochemical Quenching (photosynthetic process), Non-

Photochemical Quenching (heat) or fluorescence emission (Figure 3).  

 

Figure 3.  Pathways exploited by vegetation to emit the energy absorbed by sunlight. In 

ideal scenarios, only the path related to the photosynthetic process (red arrow) is activated. 

If the amount of energy coming from the absorbed light is too high, the excess is dissipated 

through Non-Photochemical Quenching (orange arrow) and fluorescence emission (green 

arrow). 

 

The photosynthesis is a crucial process for vegetation since, in experimental scenarios, it 

allows to avoid damage to the photosynthetic apparatus caused by an excessive amount of 

sunlight reaching the canopy (Pinto et al. 2020). Instead, fluorescence (F)  is an important 

marker that provides a quantitative description and characterization of potential stresses 

affecting the vegetation (Porcar-Castell et al. 2014, Hendrickson et al. 2004, Baker 2008, 

Mohammed et al. 2019), in particular if related to the analysis of some biophysical 

parameters (Malenovski et al. 2009), as the Leaf Area Index (LAI) or the Chlorophyll 

Content (Cab).  

As already reported in literature (Cogliati et al. 2019), F can be detected by exploiting 

spectrometers at different spatial scales, from ground to satellite distances (Mohammed et al. 

2019) from the canopy, as shown in Figure 4. In particular, the possibility to retrieve F from 

the hyperspectral signals acquired from satellite, target of the ESA FLEX mission 2025 (De 
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Grave et al. 2020), paves the way towards the supply of global maps of vegetation 

fluorescence, which are crucial in order to better understand the global photosynthetic 

activity and assist agricultural management. 

 

 

 

Figure 4.  Exploited spatial scales for fluorescence detection in the Remote Sensing field 

and fluorescence-acquisition related spectra representation. The excess of absorbed 

energy is dissipated by vegetation via fluorescence emission (represented by the blue line). 

Fluorescence can be detected by spectrometers which are positioned at top of canopy level 

or mounted on tower or airplanes. Recently, the detection of fluorescence signals from 

satellites is the main target of important international projects, as the ESA FLEX mission. In 

particular, the relation between L
up

 (grey line), Rapp (red line) and F spectra (blue line) is 

exploited. 

 

Theoretically, the fluorescence signal F is related to other quantities: 

 

𝐿𝑢𝑝(𝜆) =  𝑅(𝜆)𝐿𝑑𝑤(𝜆) + 𝐹(𝜆)  (7) 

 

 

where L
up

 (grey line in Figure 4) is the whole radiance measured over the canopy of the 

vegetation under investigation, while R represents the canopy reflectance contribution. This 

quantity is multiplied to the reflectance contribution of elements other than the tree canopy 

(L
dw

). However, experimentally, through spectrometers it is possible to retrieve both L
up

 and 
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L
dw

. As a consequence, the apparent reflectance Rapp (red line in Figure 4) can be obtained 

by rearranging Eq. 7: 

 

 

𝑅𝑎𝑝𝑝 =
𝐿𝑢𝑝(𝜆)

𝐿𝑑𝑤(𝜆)
= 𝑅(𝜆) +  

𝐹(𝜆)

𝐿𝑑𝑤(𝜆)
  (8) 

 

 

It is trivial to notice that the apparent reflectance is related to fluorescence (blue line in 

Figure 4). However, fluorescence detection by remote sensing techniques is really 

challenging since it represents only a small portion (less than 1%) of the total signal 

acquired by the sensor in the range [650nm 780nm]. Moreover, compared to the Rapp 

spectrum, F is originated only by vegetation and it is more related to plant physiology 

(Verrelst, et al., 2015). Indeed, F intensity strictly depends on some biophysical parameters 

as the Fluorescence Quantum Yield (Fqe) and the vegetation Chlorophyll Content (Cab), 

which quantify the efficiency of fluorescence emission by the leaves and the amount of 

chlorophyll characterizing the canopy leaves, respectively, and whose detection is crucial to 

investigate vegetation stress status (Figure 3). Due to their reciprocal dependence, both Rapp 

and F spectra shapes are trivially dependent on  Fqe and Cab. Rapp and F also depend on 

other biophysical parameters, as the leaf area and composition and the fraction of solar light 

absorbed by the chlorophyll pigments. This has been demonstrated by recent studies (Van 

der Tol et al. 2009, Van der Tol et al. 2014). Moreover, the Absorbed Photosynthetically 

Active Radiation (APAR), which is the solar radiation absorbed by leaves for the 

photosynthesis activity, is dependent on the Rapp signal since it can be computed by 

integrating L
up

 and L
dw

: 

 

𝐴𝑃𝐴𝑅 = |𝑓𝑠|  ∫
700𝑛𝑚

400𝑛𝑚
𝐿𝑑𝑤(𝜆)[1 − 𝜌(𝜆) − 𝜏(𝜆)]𝑑𝜆 + ∫

700𝑛𝑚

400𝑛𝑚
𝐿𝑢𝑝(𝜆)[1 − 𝜌(𝜆) − 𝜏(𝜆)]𝑑𝜆   (9) 
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Eq. 9 also demonstrates the APAR dependence on the leaf reflectance (ρ) and transmittance 

(τ). Notably, since the parameter fs takes into account the leaf orientation compared to the 

sunlight, the leaf area index (LAI) parameter is able to affect the Rapp spectrum. 

Another important parameter is the Solar Zenith Angle (SZA). Indeed, as shown in Figure 

5, the entire Rapp signal decreases for high SZA values since the illumination provided by 

the sun is less intense if the light is not perpendicular to the canopy. 

 

 

Figure 5.  Comparison between Solar Zenith Angle (SZA) and Sensor Zenith Angle 

(VZA). For higher SZA values, the Rapp intensity decreases while the angle between the 

direction of the light coming from the sun and the perpendicular to the vegetation canopy 

increases. 

 

Moreover, the Fluorescence signal F is strongly influenced by the canopy itself: indeed, the 

total fluorescence produced by the photosystem, which is called FRC, is re-absorbed by the 

leaf causing a decrease of  the signal F emitted by the vegetation (10 to 100 times intensity 

reduction). Unfortunately, this absorption is dependent on the considered spectral 

wavelength. In particular, the peak around 687 nm is strongly reduced, leading to a 

difference in the  FRC and F spectra shape. 

 

In order to quantitatively explain all these complex dependencies, different Radiative 

Transfer (RT) models have been recently designed. The Soil Canopy Observation of 

Photosynthesis and Energy fluxes (SCOPE) 2D model (Van del Tol et al. 2009) simulates 

the vegetated land surface fluxes, connects them to the satellite observations characterizing 

the visible, infrared and thermal spectral domains by applying physical models and 
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quantifies the micro-climate in the canopy. In a more experimental perspective, among the 

numerous input values of the SCOPE model, the LAI, Cab, SZA and Fqe parameters can be 

tuned, while the RT architecture provides the APAR and the corresponding Rapp, F and FRC 

spectra. At the state of the art, 3D-based RT models, as DART (Malenovski et al. 2009, 

Gastellu-Etchegorry et al. 2017), have been designed, even if they are not widely exploited 

in the experimental research field due to their extremely higher complexity compared to 

SCOPE. Moreover, theoretical models devoted to the quantification of the atmospheric 

transmission have been developed, as MODTRAN (MODerate resolution atmospheric 

TRANsmission, Berk et al. 2014). These different approaches can be synergistically 

combined  to accurately describe the whole radiative transmission phenomenon acting on 

vegetation canopies, as demonstrated by Cogliati and colleagues, who exploited the results 

of the simulations obtained by MODTRAN to improve the SCOPE outputs (Cogliati et al. 

2019). 

 

This really complex scenario is even more complicated if tower or satellite-level 

measurements are considered. Indeed, if the distance between the vegetation canopy and the 

spectrometer increases (from 100 m and beyond), the Rapp acquired by the instruments is 

affected by a huge modification in its spectral shape due to reabsorption effects caused by  

the telluric atmospheric oxygen. In particular, O2 bands around 687 nm and 760 nm, which 

are the most informative part of the spectrum concerning F (Mohammed et al. 2019), are the 

most affected spectral regions. Nowadays, this issue is one of the most crucial challenges 

regarding the remote sensing field since the majority of the information concerning F is not 

available from satellite-level experimental acquisitions. 

 

2.2 State of the art of the Fluorescence spectrum deconvolution 

In the remote sensing field, the dependence among Rapp, F and the other biophysical 

parameters described in the previous Section 2.1 has been widely exploited to retrieve the F 

spectrum from the measured Rapp (Mohammed et al. 2019). Unfortunately, the 
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disentanglement of the F spectrum from the canopy reflected spectral radiance (Cendrero-

Mateo et al. 2019, Meroni et al. 2009) and from the atmospheric influence (Sabater et al. 

2018, Aasen et al. 2019) is a challenging task of the Remote Sensing field (Zhao et al. 

2018).  

At the state of the art, the methods devoted to the retrieval of the F spectrum from the 

spectral radiance reflected by the canopy (Chang et al. 2020, Cogliati et al. 2018, 

Grossmann et al. 2018, Frankenberg et al. 2018. Siegmann et al. 2019) are based on 

inversion models, which require high-spectral resolution observations at 1) the telluric O2 

absorption bands (687 and 760nm), not suitable to analyze satellite-level measurements 

since they are very sensitive to the atmospheric signal reabsorption, or at 2) the Solar 

Fraunhofer Lines, which are minimally influenced by atmospheric reabsorption phenomena 

affecting FRC but contain less information concerning F (Mohammed et al. 2019).  

Spectral Fitting Methods SFM (Meroni et al. 2010, Mazzoni et al. 2010, Cogliati et al. 2015b) 

and SpecFit (Cogliati et al. 2019) have been demonstrated the most robust inversion-based 

methods for the fluorescence signal retrieving. Briefly, these approaches are based on a 

fitting procedure applied to the O2 bands of the analyzed Rapp function (around 687 nm and 

760 nm). In particular, the corresponding F is retrieved by inversely exploiting the SCOPE 

model, which computes Rapp from the F spectrum. SFM retrieves F  at 687 nm and 760 nm, 

the two oxygen bands, while SpecFit can be considered its extension since it extracts the 

entire F spectrum in the range [650nm 780nm]. Unfortunately, these methods are useless for 

satellite-based measurements, as the acquired Rapp spectrum is modified by the atmospheric 

oxygen reabsorption. More recently, Artificial Intelligence-based techniques have been 

discovered as powerful tools to analyze data related to hyperspectral imaging space 

missions, as ESA FLEX, NASA SBG (Cawse-Nicholson et al. 2021) or ASI PRISMA 

(Verrelst et al. 2021). However, the coupling between novel machine learning techniques 

and state of the art Radiative Transfer (RT) models, able to theoretically derive the F 

spectrum by considering both the vegetation-related biophysical parameters (as LAI, Cab, 
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the leaves shapes) and the expected environmental conditions (as the Solar Zenith Angle), 

has never been addressed for fluorescence studies, although it is expected to provide new 

insights for detecting vegetation status. 

Within this challenging context, a new approach based on a fast optimized multi-parameter 

retrieval algorithm, named i-φ-MaLe (hybrid Phasor-Machine Learning based approach), 

has been modeled. i-φ-MaLe is specifically aimed to retrieve the F spectrum, the FRC 

spectrum, F quantum efficiency (Fqe) and canopy biophysical parameters consistently. The 

proposed algorithm consists of a novel hybrid Phasor-Machine Learning based approach, 

which is developed here and exploited for the first time for quantitative retrievals in the 

context of Remote Sensing studies. In particular, i-𝜑-MaLe is able to compare the shapes of 

the apparent reflectance spectra (Rapp), acquired by state of the art spectrometers, with a 

wide set of Radiative Transfer (RT) simulations obtained by coupling SCOPE and 

MODTRAN architectures (Cogliati et al. 2019) to detect the function which best matches 

the experimental data. Then, the method associates the biophysical and fluorescence 

parameters characterizing the simulated function to the analyzed experimental spectrum. 

Thanks to this approach, a complete characterization of the vegetation has been performed 

for the first time by exploiting a single algorithm able to simultaneously provide both  F 

spectra and many biophysical parameters. 
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3. Challenges and opportunities of AI-based tools in 

histopathology  

Biopsies play a key-role during the clinical routine as they are a crucial tool to provide 

accurate diagnosis. In the standard clinical procedures, tissue samples are excised from 

patients and directly observed under the microscope by pathologists after being fixed, cut 

and stained with dyes that label, more or less specifically, different biological structures. 

Hematoxylin and Eosin (H&E) is one of the most exploited staining in the clinical practice 

(Fischer et al. 2008, Cardiff et al. 2014). In particular Eosin, characterized by a magenta 

color if observed under transmitted light, stains proteins, while Hematoxylin, which appears 

deep blue, highlights nucleic acids. Moreover collagen, a protein whose quantification is 

crucial during fibrosis and tumor diagnosis, appears red after the Picrosirius Red staining 

(Lattouf et al. 2014). 

During the biopsies analysis, the pathologist provides a semi-quantitative characterization of 

the stained biological structures by describing their morphology, amount and relative 

positions (Gurcan et al. 2009). 

Recently, the introduction of whole-slide imaging scanners (Pantanowitz et al. 2011) and the 

consequent spread of public repositories (where a huge amount of high-resolution images of 

stained human tissue sections are collected - Lopez et al. 2012, Tomczak et al. 2015, Wang 

et al. 2016, Clark et al. 2013) paved the way to a wide exploitation of artificial intelligence-

based protocols in healthcare. 

3.1 Image acquisition and storage 

At the state of the art, the images commonly exploited in histopathology are acquired at high 

resolution and magnification (pixel dimension ~0.4 µm) by means of whole-slide scanners. 

As a consequence, these images require a lot of memory space to be stored (in the order of 

GBs for each sample) and, consequently, loaded. In order to speed up their loading process, 

the images are saved in pyramidal format, shown in Figure 6.  
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Figure 6.  Architecture of a pyramidal image. In each layer of the pyramid the whole slide 

is saved resampled at decreasing  magnification and therefore resolution. 

 

In this regard, a pyramidal image is characterized by many different layers, where the entire 

sample is saved with a decreasing magnification and therefore resolution. In particular, each 

layer is composed by square image tiles of the same dimensions (e.g. 1024x1024 pixels) and 

the bottom layer is a 1-to-1 pixel mapping of the original acquired data. The upper layers are 

obtained by downsampling the original image: for each level the pixel size is doubled. 

Thanks to this approach, global analysis of the sample can be performed by exploiting a 

level characterized by a lower resolution, with a consistent reduction of the time needed to 

load the image. When a full-resolution reconstruction of the sample is needed, lower layers 

of the pyramidal format are selected and employed. 

In this scenario, pyramidal images are even more useful since whole slide scanners store the 

saved image in RGB format, which need more memory than traditional grayscale images. 

Indeed, in this format, each image of dimension [M x N] is represented by a 3-level 

hypermatrix [M x N x 3], where the three levels correspond to the red, green and blue image 

channels (Figure 7).  
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Figure 7.  H&E-stained biopsy represented in the RGB format. Each pixel is associated to 

three numbers, which correspond to the intensity of the red, green and blue contribute 

characterizing its color. 

 

As a consequence, in the RGB color space, each pixel is associated to three different 

numbers (one for each color channel) in the interval [0 2
b
], where b is the number of bits 

exploited to store a single pixel, which represents the intensity R, G and B of the red, green 

or blue contribute of the pixel color, respectively. These values can be represented by a 

vector of three values [R, G, B]. Thanks to this representation, a 8-bit RGB image, which is 

the most common format exploited by state-of-the-art whole-slide scanners, is able to assign 

to each pixel one of more than 16 millions colors, represented by a different [R, G, B] 

vector.  

 

 

Figure 8.  RGB, HSV and lαβ color spaces. Each pixel represented in the RGB format can 

be converted in the HSV or lαβ color space.  

 

As reported in the literature (Hanumantharaju et al. 2011, Saravanan et al. 2016), each pixel 

expressed in the RGB format can be mapped to other 3D representations, able to highlight 

different colour properties. One of the most exploited is the HSV (Hue, Saturation and 
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Value) space, shown in Figure 8. In particular, the H, S and V parameters characterizing 

each pixel can be expressed in dependence of the [R, G, B] format as (Chernov et al. 2015): 

 

𝐻 =  {
𝐺−𝐵

𝑚𝑎𝑥𝑅𝐺𝐵−𝑚𝑖𝑛𝑅𝐺𝐵
      𝑖𝑓 𝑅 = 𝑚𝑎𝑥𝑅𝐺𝐵  

 

𝐻 =
2+(𝐵−𝑅)

𝑚𝑎𝑥𝑅𝐺𝐵−𝑚𝑖𝑛𝑅𝐺𝐵
      𝑖𝑓 𝐺 = 𝑚𝑎𝑥𝑅𝐺𝐵  (10) 

 

              𝐻 =  
4+(𝑅−𝐺)

𝑚𝑎𝑥𝑅𝐺𝐵−𝑚𝑖𝑛𝑅𝐺𝐵
      𝑖𝑓 𝐵 = 𝑚𝑎𝑥𝑅𝐺𝐵    

 

𝑆 =
𝑚𝑎𝑥𝑅𝐺𝐵−𝑚𝑖𝑛𝑅𝐺𝐵

𝑚𝑎𝑥𝑅𝐺𝐵
  (11) 

 

𝑉 = 𝑚𝑎𝑥𝑅𝐺𝐵  (12) 

 

Where maxRGB and minRGB are the highest and the lowest values among the R, G and B 

variables. The HSV space emphasizes the discrepancies in the color chromaticity by 

exploiting the Hue, which is independent of white or black contributes, described only by 

the Saturation and the Value variables.  

 

3.2 Staining normalization algorithms role in Digital Pathology 

When the image of a biopsy is acquired and stored by whole-slide scanners, it can be 

analyzed by means of AI-based methods to provide both the automatic extraction of relevant 

features characterizing the diseases and the quantitative evaluation of biological structures 

(Bi et al. 2019), overcoming the drawbacks of a subjective visual inspection to infer 

diagnosis. Despite Machine Learning-based approaches are able to effectively assist 

pathologists during their daily routine by reducing their workload and providing quantitative 

data to support the diagnosis, these techniques are often based on the analysis of features 

strictly related to the color of each stained biological structure (Bug et al. 2015, Kleczek et 

al. 2020). In addition, even if some ML protocols seem to be not affected by the image color 

content, as they are based on shape and textural features, the segmentation exploited to 

compute the morphology-based properties strictly depends on the proper choice of a color 

threshold (Bakheet et al. 2021, Nemat et al. 2018). Moreover, the color content also affects 
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both textural properties, which are extracted from matrices describing the relative position 

among pixels characterized by different color intensities (Haralick et al. 1973, Mohaniah et 

al. 2013), and Neural Networks-based protocols (Vu et al. 2019, Coudray et al. 2018, Van 

Rijthoven et al. 2021, Anghel et al. 2019), which exploit the image colors as input data. 

Unfortunately, staining is an experimental procedure which suffers of inhomogeneity in the 

color highlighting the same biological structures, both in the same and in different tissue 

sections (Van Seijen et al. 2019).  This is due both to the performed staining procedure and 

to the image acquisition by means of different scanners. Indeed, the colors characterizing the 

digitized images acquired by the whole-slide scanners are affected by the illumination 

conditions of the sample and the color response of the digital camera. These drawbacks 

interfere with the performance of Artificial Intelligence-based analysis of tissue sections 

prepared and acquired in different laboratories. A straightforward example of this crucial 

problem is shown in Figure 9. Here, H&E-stained patches of the same tissue (liver), 

acquired in different laboratories, have been analyzed by applying the same Machine 

Learning procedure, which is a simple thresholding method. In particular, the algorithm 

selects the pixels characterized by a blue contribute intensity lower than 0.65 and associates 

them to the nuclei structures, highlighted in green in Figure 9B and Figure 9D.  
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Figure 9.  Results of a color-based nuclei segmentation procedure applied to two H&E-

stained images acquired in different laboratories. Panel A shows a patch of a human liver 

sample, H&E stained and acquired at the laboratories of the University of Leeds (available 

in their public repository, ULVPR https://www.virtualpathology.leeds.ac.uk/). Panel C 

reports a patch of an H&E-stained murine liver sample acquired at the DKFZ laboratories 

of Heidelberg. The nuclei of each patch have been segmented by applying the same Machine 

Learning algorithm, which selects pixels characterized by a blue contribute intensity lower 

than 0.65. The selected pixels are highlighted in green in Panels B and D. Stain 

normalization methods have not been exploited. 

 

 

The patches, clearly characterized by different colors, highlight a different performance of 

the algorithm: the image acquired at the laboratories of the University of Leeds (available in 

their public repository – ULVPR) (Figure 9A) shows a much higher accuracy in nuclei 

segmentation (Figure 9B) with respect to the sample acquired at the DKFZ laboratories of 

Heidelberg (Figure 9D), where the algorithm selects many pixels belonging to the cells 

cytoplasm.  

This example clearly highlights the need of a biunivocal correspondence between the 

considered biological structures and their color in the image to successfully apply Artificial 

Intelligence protocols. As a consequence, different staining normalization methods have 

been developed to reach this target. In particular, these protocols uniform the color 

expressed by each staining in images of tissue sections acquired in different experimental 

conditions (Reinhard et al. 2001, Macenko et al. 2009, Khan et al. 2014, Vahadane et al. 

2016, Shaban et al. 2019). A complete description of advantages and limitations of already 
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developed stain normalization methods has been recently provided by Lakshmanan and 

colleagues (Lakshmanan et al. 2019). Among these approaches, the most exploited have 

been developed by Reinhard and colleagues (Reinhard et al. 2001) and Macenko and 

colleagues (Macenko et al. 2009). Reinhard’s method is based on color transfer between a 

reference image and a target image, which are transformed to lαβ space (Figure 8) during a 

pre-processing procedure. In particular, the color normalization is performed by transferring 

the mean and variance values of every image channel from the reference to the analyzed 

image (Reinhard et al. 2001). Macenko’s pipeline finds the specific stain vectors describing 

the color expression of the analyzed image in the RGB space and maps each pixel color 

from the retrieved domain to the domain of a fixed set of stain vectors elected by the user 

(Macenko et al. 2009). Unfortunately, the Reinhard’s approach is not robust concerning the 

stains separation, while Macenko’s procedure provides satisfying results only for images 

characterized by a less intense staining. In order to mitigate these issues, I developed a new 

geometrical method, named Φ-Norm (Phasor-based color normalization), which exploits the 

DFT geometrical properties in order to perform the stain normalization task. Further 

theoretical details about Φ-Norm, its validation and applications in experimental scenarios 

are reported in Section 6.  
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4. Label-free Digital Pathology 

Despite playing a key-role in assisting pathologists during the diagnosis, staining is an 

expensive and time-consuming procedure (Rivenson et al. 2020). To overcome this issue, 

recently, many attempts have been made to predict the staining of tissue sections through 

Neural Networks (Rivenson et al. 2019). An interesting alternative to staining protocols 

consists in taking advantage of label-free microscopy techniques (Fereidouni et al. 2012, 

Radaelli et al. 2017, Scodellaro et al. 2019, Mazumder et al. 2019), which exploit the 

autofluorescence or scattering signal generated by some endogenous proteins. Label-free 

techniques can overcome many drawbacks characterizing the standard fluorescence-based 

imaging procedures: the extensive tissue manipulation that can lead to artifacts, the lack of 

3D sectioning and the delay in obtaining the diagnosis. Thanks to these approaches, some 

biological structures which are highlighted by staining procedures, as  collagen, are easily 

visualized without the need of any extrinsic dye. 

In this regard, collagen is the most abundant protein in tissues, where it provides structural 

support and protection (Buehler et al. 2006, Cicchi et al. 2013). Its structure is reported in 

Figure 10. 
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Figure 10.  Collagen structure. Each collagen fiber is composed by subunits, named fibrils, 

which are the result of the bond among many protein helices. Each helix is characterized by 

three α-chain. The original image is available at: https://elements.evonik.com/research-and-

Innovation/A-versatile-helper/ 

 

Collagen synthesis begins in the fibroblasts, where peptide subunits of hundreds of residues 

are assembled on the ribosome and linked to form α-chains. Three α-chains bond together  

to create collagen fibrils (Bella et al. 1994), which are the subunits of the collagen fiber.  

Collagen micro-architecture, both at fibrils and fibers resolution level, changes during 

pathological processes. As a consequence, it has been successfully exploited as an early 

diagnostic marker both in experimental and clinical medicine (Raja et al. 2015, Liao et al. 

2013, Wang et al. 2015). In particular, collagen can be successfully label-free imaged and 

characterized thanks to the  Second Harmonic Generation (SHG) signal. Moreover, the 

polarization dependence of the SHG response (P-SHG) has been demonstrated to be useful 

in order to extract features, as the collagen fibrils orientation and disorder, related to the 

tumor growth stage (Radaelli et al. 2017, Scodellaro et al. 2019) and to effectively describe 

the collagen supramolecular structure.  
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Recently, the P-SHG signal has been seriously considered also for clinical applications, 

thanks to the presence of novel public repositories, as PSHG-TISS (Hristu et al. 2022, 

https://doi.org/10.17605/OSF.IO/UDTQP), where hundreds of P-SHG images belonging to 

different kind of human tissues have been provided and classified. Moreover, the presence 

of public repositories could pave the way to the application of supervised Machine Learning 

algorithms able to analyze the features extracted from the P-SHG signals. 

 

4.1 Second Harmonic Generation Microscopy 

SHG is a coherent non-linear optical process induced in birefringent crystals or in biological 

structures characterized by a non-centrosymmetric symmetry , as collagen. Two incident 

photons at their fundamental frequency interact with the non-centrosymmetric medium and 

are directly converted during a quantum event into a single photon characterized by the 

same total energy and half wavelength, without the absorption or emission processes 

(Figure 11). SHG is characterized by several advantageous properties which make this 

microscopy technique a unique tool for imaging tissues in situ (Campagnola et al. 2012). At 

first, SHG is a scattering phenomenon, produced from endogenous proteins, as collagen and 

myosin. As a consequence, photobleaching and phototoxicity are avoided  compared to 

standard fluorescence-based imaging methods. Thanks to the near infrared range of the 

exploited laser wavelengths, SHG guarantees deep tissue imaging (Campagnola et al. 2002). 

Moreover, SHG signal is strongly dependent on the structural characteristics of the tissue, as 

briefly explained in the following (Campagnola et al. 2012 for a more extensive discussion). 
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Figure 11.  Scheme of the SHG process. Two photons of frequency ω interact with 

collagen, which is an optically nonlinear medium. The scattering process produces a single 

photon of frequency 2ω, which is the SHG signal acquired by a detector. 

 

 

The polarization P of a non-centrosymmetric structure is non-linear and expressed by: 

 

𝑃 =  𝜀0(𝜒𝑖𝑗
(1)

𝐸 + 𝜒𝑖𝑗𝑘
(2)

𝐸(2) + ⋯ + 𝜒𝑖𝑗𝑘𝑙…𝑛+1
(𝑛)

𝐸(𝑛)) =  𝜀0𝜒1𝐸 +  𝑃𝑛𝑙   (13) 

 

Where Pnl is the polarization non-linear term and E is the electric field vector. Due to the 

second order nature of SHG, only the non-linear susceptibility tensor χijk of dimensions 

3x3x3 can be considered non-zero in the Pnl term. χijk is strictly dependent on the density of 

molecules Ns and their mean hyperpolarizability orientation β:  

 

𝜒𝑖𝑗𝑘
(2)

=  𝑁𝑠 < 𝛽 > (14) 

 

Eq. 14 demonstrates that the susceptibility term is non-zero in presence of a non-

centrosymmetric structure, as collagen (described by a hexagonal or cylindric symmetry, as 

shown in Figure 10). As a consequence, the second-order induced polarization term 

responsible for SHG can be easily derived (Campagnola et al. 2002): 
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𝑃𝑆𝐻𝐺 = 2𝜀0𝜒𝑖𝑗𝑘
(2)

 (15) 

where ε0 is the susceptibility. Under semiclassical approach, starting from Maxwell's 

equations, the equation for field propagation A2ω is: 

𝜕𝐴2𝜔

𝜕𝑧
= −𝑗

µ0𝜔0𝑐

2𝑛
𝑃𝑒−𝑗𝛥𝑘𝑧 (16) 

where Δk is the phase matching term. The measured intensity of the SHG process is given 

by: 

𝐼𝑆𝐻𝐺 = |𝐴2𝜔|2 = 𝛼2𝜔
2 |𝜒𝑖𝑗𝑘

(2)
|2𝐼𝜔

2 𝐿2𝑠𝑖𝑛𝑐2 (
𝛥𝑘𝐿

2
)  (17) 

Where α=ω0/nc (where c is the speed of light, ω0 the wavelength frequency) is constant and 

L is the sample length. Eq. 17 demonstrates that the SHG signal intensity depends on the 

fibrils orientation and it is maximum if the fibers are aligned on the plane perpendicular to 

the laser propagation direction (Lacomb et al. 2008). The dependence on the polarization of 

the ISHG signal suggests that it can be exploited for polarization-dependent measurements 

(Polarized Second Harmonic Generation Microscopy, P-SHG). The P-SHG mathematical 

description has been extensively provided in literature (Campagnola et al. 2002, Plotnikov et 

al. 2006, Radaelli et al. 2017).  
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Figure 12. Scheme for the P-SHG mathematical description. The collagen fibril lies in the 

xz plane. Its orientation is described by the θF angle. The laser beam propagation direction 

is along the y-axis, while its polarization angle is described by θL. 

 

 

Briefly, as showed in Figure 10, the collagen fibrils structure can be described by a 

hexagonal or cylindrical symmetry. Therefore, Kleinman conditions (Wagniere 1986) can be 

applied on the susceptibility term: 

 

𝜒𝑖𝑗𝑘 =  𝜒𝑖𝑘𝑗 (18) 

𝜒𝑥𝑥𝑧 =  𝜒𝑥𝑧𝑥 =  𝜒𝑦𝑧𝑦 =  𝜒𝑦𝑦𝑧 =  𝜒𝑧𝑦𝑦 =  𝜒𝑧𝑥𝑥 (19) 

 

If the collagen fibril lies in the xz plane and the propagation direction of the laser beam is 

along the y-direction, as reported in Figure 12: 

 

𝜒𝑧𝑥𝑥 =  𝜒𝑧𝑦𝑦 (20) 

𝜒𝑥𝑥𝑧 =  𝜒𝑥𝑧𝑥 =  𝜒𝑦𝑧𝑦 =  𝜒𝑦𝑦𝑧 (21) 
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𝜒𝑥𝑧𝑦 =  𝜒𝑦𝑧𝑥 =  −𝜒𝑦𝑥𝑧 =  −𝜒𝑦𝑧𝑥 (22) 

 

As a consequence, in this scenario, the non-linear polarization of an electric field E linearly 

polarized with an angle θL-θF (where θF and θL are the angles between the x-axis and the 

fibril and the laser polarization orientation, respectively) is described in dependence of only 

two components χzxx and χzzz of the susceptibility tensor: 

 

𝑃𝑛𝑙 = [2𝜒𝑧𝑥𝑥𝐸𝑠𝑖𝑛(𝜃𝐿 − 𝜃𝐹)𝐸𝑐𝑜𝑠(𝜃𝐿 − 𝜃𝐹)]𝑥 +  𝜒𝑧𝑥𝑥 [𝐸𝑠𝑖𝑛(𝜃𝐿 − 𝜃𝐹)]2 + 𝜒𝑧𝑧𝑧[𝐸𝑐𝑜𝑠(𝜃𝐿 − 𝜃𝐹)]2𝑧  (23) 

 

Since the total P-SHG intensity signal is proportional to |Pnl|
2
 (Roth et al. 1978, Tiaho et al. 

2007): 

 

𝐼𝑃𝑆𝐻𝐺 = 𝑘 {𝑠𝑖𝑛[2(𝜃𝐿 − 𝜃𝐹)] + [𝑠𝑖𝑛2(𝜃𝐿 − 𝜃𝐹) +
𝜒𝑧𝑧𝑧

𝜒𝑧𝑥𝑥
𝑐𝑜𝑠2(𝜃𝐿 − 𝜃𝐹)]} (24) 

 

where the ratio 𝛾 =
𝜒𝑧𝑧𝑧

𝜒𝑧𝑥𝑥
 , in case of collagen, is a parameter able to quantitatively describe 

the overall disorder of the fibrils and the scale factor k includes the absolute intensity of the 

P-SHG signal and setup parameters (Campagnola et al. 2002), such as laser power, optical 

transmission ratios for excitation signal light path and for the detector sensitivity. Eq. 24 is 

valid only for collagen fibers lying parallel to the surface of the tissue (i.e. the collagen 

fibrils and the incident electric field lie within the focal plane), otherwise the Kleinman 

symmetry conditions are not verified. 

Recently, the IPSHG signal has been described by a different model, which considers non-null 

the component χzxz (Amat-Roldan et al. 2010, Psilodimitrakopoulos et al. 2016): 
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𝐼𝑃𝑆𝐻𝐺 = 𝑘 {𝑠𝑖𝑛[2(𝜃𝐿 − 𝜃𝐹)] + [
𝜒𝑧𝑥𝑥

𝜒𝑧𝑥𝑧
𝑠𝑖𝑛2(𝜃𝐿 − 𝜃𝐹) +

𝜒𝑧𝑧𝑧

𝜒𝑧𝑥𝑧
𝑐𝑜𝑠2(𝜃𝐿 − 𝜃𝐹)]} (25) 

 

In this scenario, the collagen fibril disorder is described by two different parameters, 

𝛾1 =
𝜒𝑧𝑥𝑥

𝜒𝑧𝑥𝑧
 and 𝛾2 =

𝜒𝑧𝑧𝑧

𝜒𝑧𝑥𝑧
 . 

From an experimental point of view, in the P-SHG microscopy, the IPSHG signal 

characterizing the collagen fibrils present in the tissue is acquired by means of an optical 

setup characterized by a pulsed laser, commonly exploited for two-photon excitation 

microscopy (Oheim et al. 2006), whose polarization is modified along the optical path by a 

halfwave plate. As a consequence, each pixel of the image stack is associated to a signal, 

obtained by acquiring the P-SHG intensity for different polarization angles θL in the range [0 

π]. Then, the P-SHG signals can be analyzed by exploiting Eq. 24 or Eq. 25 during a 

standard fitting procedure able to pixelwise retrieve θF and γ or θF, γ1 and γ2, respectively 

(Hristu et al. 2022). Unfortunately, fitting methods are quite accurate but time-consuming, 

limiting the possibility to analyze wide fields of view. During the last years, fit-free methods 

have been developed to reduce the computational time, preserving the reliability of the 

retrieved parameters. Among these approaches, µMAPPS (Radaelli et al. 2017) retrieves θF 

by applying the Discrete Fourier Transform to the P-SHG signal and analyzing its projection 

position on the phasor plot. Then, it applies a second Discrete Fourier Transform to the 

analyzed spectrum by fixing θF and estimates γ. This method is characterized by really low 

computational costs: as a consequence, entire whole-slide samples have been analyzed by 

exploiting µMAPPS (Scodellaro et al. 2019).  

However, the experimental acquisition of P-SHG signals is still quite slow compared to 

other imaging techniques since at least 10-15 images must be acquired by finely sampling 

the polarization angle θL  to perform an accurate analysis (Hristu et al. 2016, Radaelli et al. 

2017).  
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In this scenario, we conceived a novel method, named SuperµMAPPS (Supervised 

Microscopic Multiparametric Analysis by Phasor projection of Polarization-dependent 

SHG), to hugely reduce the P-SHG image stack acquisition time. Thanks to the coupling 

between the standard phasor approach and a novel machine learning approach acting on the 

phasor space, we limited the number of experimental points of the P-SHG curves to 6, 

proving that they are sufficient to provide reliable quantifications (further information in 

Section 7.2). 
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5. i-Φ-MaLe application in the Remote Sensing field 

 
In this chapter, the architecture of the i-Ф-MaLe algorithm and its application to 

experimental acquired Rapp spectra are reported. At first, the novel proposed approach is 

described and its characterization in terms of retrieval accuracy is reported by exploiting 

simulated Rapp spectra obtained from the MODTRAN5+SCOPE radiative transfer model 

(further information in Section 2.1). In particular, i-Ф-MaLe performances have been 

quantified for different algorithm configurations (i.e. by modifying its hyperparameters, as 

the width of the exploited spectral windows or the superposition between consecutive 

windows) and experimental scenarios (i.e. by varying the amount of noise affecting the 

analyzed spectra) in terms of Relative Root Mean Square Error (RRMSE). 

Then, the algorithm has been exploited to analyze real data acquired at top of canopy level 

(~ 1-3 m between the vegetation and the spectrometer) and assess the seasonal and diurnal 

trends of each variable characterizing two crops (forage and Alfalfa). The obtained results 

have been compared with the output of other published algorithms devoted to the retrieval of 

F spectra  in order to investigate their consistency. Finally, seasonal and daily sets of Rapp 

spectra acquired at tower-level (~ 100 m between the vegetation and the spectrometer) over 

a Downy oak forest in France have been analyzed in order to demonstrate the capability of i-

Ф-MaLe in providing consistent results also in presence of atmospheric oxygen reabsorption 

effects which modify the Rapp shape around 687 nm and 760 nm.  

5.1 i-Φ-MaLe algorithm 

Method overview          

 
i-𝜑-MaLe (Scodellaro et al. 2022) is a novel multi-parameter retrieval method, based on a 

modified version of the standard spectral phasor approach (Fereidouini et al., 2012, Section 

1). It has been conceived and developed in the frame of the Remote Sensing field to 

consistently estimate fluorescence spectra at top-of-canopy (F), fluorescence spectra at 

photosystem level (FRC) and 4 different biophysical parameters (Leaf Area Index – LAI, 
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Chlorophyll Content – Cab, Fluorescence Quantum Yield – Fqe, Absorbed 

Photosynthetically Active Radiation – APAR) from canopy 𝑅𝑎𝑝𝑝  spectra.  

Compared to the standard phasor approach, commonly exploited to analyze fluorescence 

lifetime (Digman et al. 2008, Malacrida et al. 2021) and spectral (Fereidouni et al. 2012, 

Cutrale et al. 2017) images, i-𝜑-MaLe introduces three crucial novelties:  

1. For the first time, the Fourier Transform is not computed on the entire spectrum, but on 

consecutive fixed spectral windows. As a consequence, each analyzed 𝑅𝑎𝑝𝑝  spectrum is 

converted in a single point lying on a different phasor space for each spectral interval; 

2. A supervised ML algorithm associates to each point in the phasor space the fluorescence 

spectra and the biophysical parameters characterizing the projected 𝑅𝑎𝑝𝑝  spectrum, 

simulated by exploiting a Radiative Transfer model. 

3. The fluorescence spectra and the biophysical variables of experimental 𝑅𝑎𝑝𝑝  are obtained 

by employing a statistical-based algorithm. In particular, the position of the experimental 

points are compared to the reference, simulated by the Radiative Transfer model. 

In this work i-𝜑-MaLe takes advantage of Rapp spectra, acquired by high-resolution 

spectrometers (Cogliati et al., 2019; Mohammed et al., 2019) in the 650-780 nm spectral 

region since it contains the amount of information necessary to estimate F, FRC and the 

investigated biophysical parameters. Indeed, in a general perspective, in order to 

successfully apply i-𝜑-MaLe, the exploited spectral region has to include the wavelength 

intervals where variations in the analysed spectra shapes are caused by the retrieved 

parameters. 
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Architecture 

 

Figure 13.  Schematic of the i-φ-MaLe method. The Training and Retrieving procedures 

are framed by a red and a green line, respectively. (A) Rapp spectra (dense/sparse vegetation 

in black/green, respectively) are separated in equally spaced spectral windows and 

transformed in points lying on the phasor plane by means of  Eq. 29, as shown in panel (B). 

A supervised ML algorithm associates the parameters values to the coordinates of each 

point in the phasor plane, shown here color-coded for Cab. This procedure is repeated for 

each spectral window and therefore for each phasor plane. (C) Parameters retrieved by the 

algorithm. Panels (D)-(F) sketch  the retrieving procedure for three 2-nm spectral windows. 

The algorithm assigns to the unknown test point (in black) the biophysical and F metrics 

values corresponding to the trained point with the highest occurrence and distance scores, 

as detailed in the text.  

 

The i-𝜑-MaLe pipeline is composed of two phases: a training (T) and a retrieving (R) 

procedures, which are shown in Figure 13 framed by a red and a green line, respectively. 

Moreover, a flow chart of the method is provided in Figure 14: in this case, the pre-

processing, training and test parts are color-coded in blue, orange and green, respectively. 

Training and test set are highlighted with red and dark green colors. 
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Figure 14. i-𝜑-MaLe method flowchart. Blue-colored blocks represent the pre-processing 

pipeline steps, while the training and retrieval procedure are color-coded in orange and 

green, respectively. The training and test dataset are highlighted by red and dark green 

colors. 

 

 

During the training phase (T), a dataset of synthetic Rapp spectra, created by coupling 

SCOPE (Soil Canopy Observation, Photochemistry and Energy fluxes - van der Tol et al. 
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2014, van der Tol et al. 2009) and MODTRAN5 (MODerate resolution atmospheric 

TRANsmission - Berk et al., 2011) Radiative Transfer codes, has been exploited. In 

particular, each 𝑅𝑎𝑝𝑝  spectrum of the training set has been simulated by varying the 

parameters reported in Table 1.  

 

Variable 

Name 

Variable 

description 

Range 

SZA 
Solar Zenith 

Angle [°] 

20°-60° 

Step 2° 

LAI 
Leaf Area 

Index [m
2
m

-2
] 

1-8 

Cab 

Chlorophyll a 

and b 

[𝜇g/cm
2
] 

1-80 

Fqe 

Fluorescence 

Quantum 

Efficiency  

0.010-

0.024 

Step 

0.001 

 

Table 1. Variability range of the MODTRAN+SCOPE input parameters. The intervals 

cover the experimental variability characterizing both the daily and the annual trends of the 

investigated variables. 

 

The training phase can be summarized as follows: 

1. The entire training dataset is sub-sampled by considering only the 𝑅𝑎𝑝𝑝 spectra associated to 

the same solar zenith angle (SZA) of the test (or experimental) 𝑅𝑎𝑝𝑝  analyzed by the 

algorithm during the retrieving phase;  

2. Each spectrum is divided into equally spaced spectral windows (Figure 13A), whose width 

has to be larger than the sensor spectral resolution but small enough to prevent losing 

information on the spectral shape. For a fixed spectral resolution, this condition can be 

achieved by modifying the spectral windows amplitude and superposition. The accuracy of 

i-𝜑-MaLe has been quantified in dependence of these hyperparameters by simulating the 

spectral sampling interval (SSI) of two different spectrometers: QEPro (Figure 18A and 

Figure 18B – SSI = 0.15nm) and FLAME-S (Figure 19A and Figure 19B – SSI = 0.60nm). 

This analysis highlighted that, for an optimal algorithm configuration, each window is 
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expected to contain ~10 points of the 𝑅𝑎𝑝𝑝 spectrum. During the analysis of experimental 

data (Section 5.3), 2 nm width spectral windows have been chosen since they guarantee the 

best retrieving performance, as reported in Figure 18. 

3. In each window, the Discrete Fourier Transform (DFT) projects the Rapp spectrum into a 

point lying in the phasor plane. The phasor coordinates (g, s) of the point are represented by 

the real and the imaginary parts of the first harmonic DFT of the normalized 𝑅𝑎𝑝𝑝  spectrum, 

computed according to the following: 

 

𝑔 (𝑘) =
∑

𝜆𝑓
𝜆𝑠

𝑅𝑎𝑝𝑝(𝜆)𝑐𝑜𝑠(𝜔𝑘𝜆)

∑
𝜆𝑓
𝜆𝑠

𝑅𝑎𝑝𝑝(𝜆)
                     𝑠 (𝑘) =

∑
𝜆𝑓
𝜆𝑠

𝑅𝑎𝑝𝑝(𝜆)𝑠𝑖𝑛(𝜔𝑘𝜆)

∑
𝜆𝑓
𝜆𝑠

𝑅𝑎𝑝𝑝(𝜆)
            (26) 

 

where λs and λf are the starting and final wavelengths related to each considered spectral 

interval, ω = 2π/τs with τs = number of spectral channels in each spectral interval, and k is 

the harmonic (k = 1 in our case). By computing the DFT of every 𝑅𝑎𝑝𝑝  of the training 

dataset in the same spectral window, each spectrum is transformed in a point lying on the 

phasor space which is associated to Cab, LAI, APAR, F, FRC and Fqe values characterizing 

the 𝑅𝑎𝑝𝑝  spectrum. Figure 13B reports the points distribution in a selected phasor space, 

where each point is color-coded for the associated Cab value: this highlights that, generally, 

close points on the phasor plot are associated to similar parameter values. Unfortunately, 

points characterized by really different parameter values could lie superimposed due to the 

effect of a possible ill-pose problem among the investigated variables. This phenomenon is 

mitigated by iterating the projection procedure for every spectral window, obtaining 

multiple distributions of points characterized by different mutual relative positions in each 

phasor space. In this way, points superimposed due to the ill-pose problem will lie far apart 

in other phasor plots, while the position of points characterized by similar parameter values 

will be similar during every iteration. 
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The retrieval phase has been conceived to estimate F, FRC and the biophysical parameters 

starting from an experimental 𝑅𝑎𝑝𝑝  spectrum, which is not part of the training dataset. In 

particular, the user is able to set three different configurations of the retrieval phase: 

ALG1 (standard): the entire test spectrum is divided into the same equally spaced spectral 

intervals exploited to separate the training set spectra. In the limit case of ideal data (no 

noise), the test point will lie very close or superimposed to the training point associated to 

the most similar parameter values in every phasor space. Since noise affecting the test 

spectrum scatters the points on the phasor plot around the ideal position (Section 1.2), i-𝜑-

MaLe has been designed to automatically take into account the signal to noise ratio (SNR) 

by applying the following retrieval procedure: 

1. A circle with radius r, centered around the test point (black dot in Figures 13D-F), is 

considered in each phasor space. 

When real acquired data are analyzed, the size of the uncertainty circle is automatically set 

by the algorithm by considering the noise characterizing the analyzed spectra. In particular, 

the radius r scales inversely with the signal to noise ratio value (Cutrale et al. 2017). 

2. Each training dataset point lying into the circle is associated to two different scores, the 

Occurrence score Occ and the Distance score D, computed as: 

 

𝑂𝑐𝑐. = ∑𝑁
𝑖=1 𝛼𝑖   &    𝐷 =  ∑𝑁

𝑖=1 (
𝑟

𝑑𝑖
) 𝛼𝑖       (27) 

𝑤ℎ𝑒𝑟𝑒    𝛼𝑖 = {1    𝑖𝑓    𝑑𝑖 ≤ 𝑟 0    𝑖𝑓    𝑑𝑖 > 𝑟    

 

Occ is the number of phasor planes where the training  point lies within the circle of radius 

r, di is the Euclidean distance between the training and the test points  (Figures 13D-F) and 

N is the number of the analyzed spectral windows. 

3. The algorithm associates to the test spectrum the single parameter tuple 𝑃𝑇={LAI, Cab, 

APAR, Fqe, F and FRC full spectra} corresponding to the training point with the highest Occ 

score. In case of tie, the algorithm selects the values corresponding to the nearest point 
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(highest D score, Figure 13D-F) among those with the same occurrence. If a tie is reached 

also for D, the algorithm computes their mean value. 𝑅𝑎𝑝𝑝  spectra characterized by values 

of Cab < 5 μg/cm
2
, LAI < 0.5 and APAR < 50 W/m

2
 are automatically classified as soil. 

 

ALG2 (best spectral windows): it relies on the application of the ALG1 procedure to 

retrieve independently each parameter by exploiting only the spectral windows characterized 

by the highest information content. As a consequence, if the same test spectrum is 

considered, the training point with the highest Occ score can be different for each retrieved 

variable. The best spectral windows related to each parameter have been selected by 

computing the Score Index S (Table 2) and they are compatible with the state-of-the-art 

theoretical expectation and experimental retrieving procedures. For instance, information 

concerning the parameters related to fluorescence emission (Fqe, F and FRC) is almost 

completely provided by the O2 bands, where the Rapp spectrum is not influenced by Cab 

(indeed, it is usually retrieved in the 700-720nm interval). 

 

Parameter Spectral Interval [nm] 

Cab 650-676, 682-686, 688-692, 698-758, 762-764, 

766-780 

LAI 650-662, 672-680, 694-716, 736-740, 748-758, 

762-780 

APAR 650-660, 672-680, 686-688, 692-780 

Fqe 656-658, 674-680, 684-708, 714-770 

F 672-680, 688-690, 694-780 

FRC 672-680, 688-690, 694-780 

 

Table 2. Spectral intervals exploited by ALG2 for the retrieving of biophysical and F 

parameters (Score Index > 0.25) 

 

 

 

To compute the Score Index S, for each test spectrum, the ALG1 procedure has been 

independently applied in each spectral window. If the retrieved parameter in the spectral 
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window corresponds to the true simulated value, the Score Index related to the single 

spectral window has been incremented S = +1, otherwise S = +0. This step has been 

repeated over 10000 𝑅𝑎𝑝𝑝  test spectra and normalized to 1 (where 1 denotes windows where 

the selected parameter is retrieved with the highest accuracy). In this way, a plot of S vs 

spectral windows (Figure 15) allows to highlight the spectral regions containing the highest 

information content to retrieve each parameter. A threshold S ≥ 0.25 was set to select the 

best spectral regions since this value assures many enough (>50) spectral windows to apply 

the statistical-based retrieval algorithm.  

 

 

Figure 15. Score Index S, Rapp, F and incoming radiance (normalized for visualization 

purposes) computed on sequential  2 nm spectral windows for the following parameters: 

(A) Cab; (B) LAI; (C) APAR; (D) Fqe; (E) F at 760 nm; (F) FRC at 760 nm. This trend is 

representative also for F and FRC at 687 nm. The green line represents the Score Index 

threshold for the best windows selection. 

 

ALG3 (exclusion of oxygen bands): ALG1 has been optimized for the analysis of spectra 

acquired at tower-level (100-150 m from the canopy) by excluding the telluric oxygen 

absorption bands (i.e. O2-A and O2-B bands at 760 nm and 687 nm, respectively) since they 

are affected by reabsorption phenomena due to the telluric oxygen present in the atmosphere 

(Section 2.2 for further information). 
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5.2 Method characterization and validation on simulated spectra  

 
The training dataset exploited by i-𝜑-MaLe has been prepared by simulating 21 sets of 

200.000 Rapp spectra characterized by a different SZA value, which has been varied within 

the 20°-60° interval with a step of 2°. In each set, the LAI and Cab were varied between 1-8 

m
2
/m

2
 and 1-80 µg/cm

2
, respectively, while the variability due to the fluorescence 

contribution was obtained by changing Fqe between 0.010 and 0.024 with a step of 0.001. 

The canopy geometry was assumed spherical by fixing the Leaf Inclination Distribution 

Function (LIDF) parameters (LIDFa = -0.35 and LIDFb = -0.15). In particular, the spectra 

have been simulated by exploiting the same spectral sampling (SSI) of the instrument 

exploited to acquire the experimental data, which is a QEPro spectrometer (Ocean Insight, 

USA), characterized by a high spectral resolution in the wavelengths range in which the 

fluorescence occurs (650-800 nm), featured by a Full Width Half Maximum (FWHM) of 

0.30 nm and a SSI = 0.15nm. 

The results concerning the retrieval accuracy of ALG1 and ALG2 for a test set of 10000 

spectra have been reported in Table 3. 

 

Parameter ALG1 - RRMSE 

(%) all spectral 

windows 

ALG2 - RRMSE (%)  

selected spectral  

windows 

Cab 1.0 ± 0.7 0.6 ± 0.3 

LAI 2.0 ± 1.0 2.0 ± 1.0 

APAR 0.7 ± 0.5 0.8 ± 0.6 

Fqe 0.8 ± 0.1 0.7 ± 0.1 

F (687 nm) 0.7 ±  0.7 0.7 ± 0.6 

F (760 nm) 1.0 ± 0.8 1.0 ± 0.8 

FRC (687 nm) 0.9 ±  0.8 0.9 ± 0.7 

FRC (760) 0.9 ± 0.8 0.9 ± 0.7 
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Table 3. RRMSE (%) for the retrieval of biophysical parameters and F by exploiting 

algorithm ALG1 (whole spectral analysis) and algorithm ALG2 (parameter dependent 

spectral windows). ALG2 shows slightly best results, in terms of accuracy, for the Cab 

parameter. 

 

The parameter whose retrieval is most affected by the choice of the algorithm is Cab, which 

is retrieved with half the initial error by ALG2. The fluorescence spectra are retrieved with a 

slightly higher error for the far red band with respect to the values in the red counterparts, 

while the fluorescence metrics at the photosystem level show the same RRMSE (%) values. 

Since slightly more accurate results are obtained by exploiting only selected windows for the 

retrieving of each parameter, with also a simultaneous half reduction of the computation 

time, in the rest of the analysis ALG2 has been therefore applied, except for data acquired 

from towers. A more refined analysis for ALG2 is presented in Figure 16, where the test set 

has been divided in steps of 5 μg/cm
2
 for Cab, 0.5 m

2
/ m

2
 for LAI, 50 W/m

2
 for APAR, and 

discrete intervals with a 0.001 width for Fqe. This data visualization approach is able to 

highlight, for each parameter, if the retrieval accuracy is uniform in the entire range in which 

the variable can be estimated by the algorithm.  

 

 

Figure 16. RRMSE (%) in dependence of equally spaced parameter intervals. Panels refer 

to:  (A) Cab, separated into 5 μg/cm
2
 intervals; (B) LAI, divided in 0.5 m

2
/m

2
 steps; (C) 

APAR, separated into 50 W/m
2
 intervals;  (D) Fqe, divided into discrete 0.001 steps; (E) F 

at 687 nm and at 760 nm, separated into 0.5 mW/ m
2
 sr nm intervals; (F) FRC evaluated at 

687 nm, divided in 8 mW/ m
2
 nm steps, and FRC at 760 nm, separated in 0.6 mW/ m

2
 nm 

intervals. Parameters are retrieved by exploiting the algorithm ALG2. 
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Retrieval accuracy is almost constant for Cab and Fqe (Figure 16A and Figure 16D, 

respectively), while APAR, F and FRC are affected by higher uncertainties for low parameter 

values. The RRMSE referred to the LAI parameter is almost constant in the range [0 6], 

while the error associated to the parameter retrieval is higher for LAI > 6. This is due to the 

SCOPE radiative transfer model, which is less accurate in the spectra reconstruction for high 

LAI values. 

Since the results concerning F and FRC have been reported only at 687nm and 760nm, the 

capability of i-𝜑-MaLe to accurately retrieve the entire F and FRC spectra has been 

highlighted in Figure 17, which shows a comparison between the reference and the 

retrieved F and FRC spectra for 12 different scenarios. 

 

 

Figure 17. Comparison between F (continuous black line) and FRC (continuous gray line) 

retrieved spectra with the reference (thick dashed red and thick dashed blue lines, 
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respectively) for selected simulated cases, as indicated in each graph with the 

corresponding RRMSE values.  

 

 

In particular, it is demonstrated that lower intensity values of F and FRC are affected by 

higher uncertainties.  

In order to provide a more complete characterization of the method, the retrieval accuracy 

has been investigated by varying its hyperparameters: the windows width (Figure 18A), and 

the windows overlap (Figure 18B). Moreover, the possible presence of discrepancies due to 

different SZA have been investigated in term of algorithm accuracy (Figure 18C).  

 

 
Figure 18. RRMSE for the retrieving of Cab, LAI, APAR, Fqe, F and FRC in dependence 

of: (A) spectral windows width (SZA=40°); (B) spectral windows overlap (SZA=40°); (C) 

solar zenith angle values.  

 

 

The accuracy is almost unaltered by varying both the spectral windows overlap or the solar 

zenith angle values. Concerning the spectral windows width, a slightly better performance is 

obtained for Fqe, F and FRC over narrower intervals. 

In order to investigate the influence of the spectrometer properties on the parameters 

retrieval error in dependence of the hyperparameters, we repeated the same analysis by 

simulating the Rapp spectra with a SSI=0.6 nm (typical of the FLAME-S spectrometer). The 

results have been reported in Figure 19. 
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Figure 19. RRMSE in the retrieving of Cab, LAI, APAR, Fqe, F and FRC in dependence 

of the (A) spectral windows width (SZA=40°) and (B) spectral windows overlap (SZA=40°) 

for Rapp simulated by exploiting  the FLAME-S spectrometer properties. 

 

 

The results obtained in the FLAME-S scenario are compatible with the simulations 

performed to analyze the spectra acquired by QEPro since, also in this case, the accuracies 

are almost unaltered for variations of the spectral windows overlap. As expected, due to the 

lower spectral resolution, the overall accuracy of i-𝜑-MaLe decreases, in particular 

regarding the retrieval of Fqe, F and FRC. The windows width characterized by the highest 

accuracy is 6nm (Figure 19A). Interestingly, the ratio between the best window width and 

the instrument SSI related to both QEPro (13) and FLAME-s (10) is similar, suggesting that, 

for an optimal algorithm configuration, each spectral window is supposed to contain ~10 

experimental points to obtain the best results. 

 

Finally, in order to maximize the algorithm efficiency in terms of computational costs, the 

same test dataset of 10000 spectra (where SZA = 40°) has been analyzed by exploiting a 

different number of simulations in the training dataset. The results are provided in Figure 

20. 
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Figure 20. RRMSE computed in dependence of the elements in the training set with a 

varying Fqe. The test dataset is characterized by 10000 points for each Fqe in the range 

0.01-0.024 (steps of 0.001) and a total of 21 SZA values. Data refer to: (A) Cab, LAI, APAR, 

Fqe; (B) F at the O2-A and O2-B bands; (C) FRC at the O2-A and O2-B bands. Panel (D) 

reports the processing time per spectrum (total= training + test of 10000 randomly 

extracted spectra with a 5-fold cross-validation). 

 

As expected, the RRMSE decreases while increasing the dataset size for all retrieved 

parameters, staying below the 7%. Moreover, for a training dataset size > 75000, the 

RRMSE associated to the retrieval accuracy is almost unaltered for every considered 

parameter. Furthermore, even though the computational time increases linearly with the 

number of training elements in the dataset (Figure 20D), for a training dataset size of 

150000 spectra the time to process a single Rapp spectrum in only 2ms. Since the QEPro 

spectrometer acquires a single spectrum in 1-2 minutes, the proposed algorithm assures a 

real time evaluation of the experimental data. Therefore, in a very limited computational 

time, i-𝜑-MaLe is able to retrieve F, FRC and the biophysical parameters over a wide range, 

covering both the vegetation daily and seasonal variations (Section 5.3 for further 

information). 
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5.3 Experimental data analysis 

In this section, i-φ-MaLe has been applied in different experimental scenarios, from top of 

canopy to tower-level measurements.  

 

5.3.1 Experimental data acquisition 

At first, the algorithm has been exploited to analyze real data acquired at top of canopy level 

and assess the seasonal and diurnal trends of each variable characterizing two crops (forage 

and Alfalfa). These spectral measurements were acquired across the 2018 season on 

agricultural area in central Italy, i.e. forage (Feb 21st - May 24th) and alfalfa (May 25th - Jul 

12nd) at 1-3 meters of height between the 07:00 up to the 17:00 (UTC time). In order to 

assess the seasonal and daily trends, 15 clear sky days have been selected by exploiting the 

illumination stability criteria (Cogliati et al. 2015a) and analyzed by i-𝜑-MaLe since the RT 

simulations have been designed to accurately describe this scenario. In particular, 4 selected 

full daily trends have been reported and each data point is the average value computed from 

spectra acquired within 30 minutes time intervals with about 1 minute sampling time and 

singularly analyzed by i-𝜑-MaLe. Concerning the seasonal trends, the 15 reported points 

have been obtained by averaging retrievals within 30 minutes around the solar noon.  

Then, seasonal and daily sets of Rapp spectra acquired at tower-level over a Downy oak 

forest in France have been analyzed in order to demonstrate the capability of i-𝜑-MaLe in 

providing consistent results also in presence of atmospheric oxygen reabsorption effects 

which modify the Rapp shape around 687 nm and 760 nm. In this case, the spectral 

measurements have been collected from high towers (distance between the sensor and the 

canopy around 100 m) from March to October 2018. In particular, 8 clear sky days have 

been selected to evaluate the seasonal trends, while the full daily trends of two DOYs (145 

and 196) have been provided. During both experimental scenarios, the Rapp spectra have 

been acquired by means of the FLoX setup, equipped with two different spectrometers: the 
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QEPro (Ocean Insight, USA), which is characterized by a high spectral resolution in the 

wavelengths range of fluorescence (650-800 nm), a Full Width Half Maximum (FWHM) of 

0.30 nm, a SNR of 1000 and a spectral sampling interval (SSI) of 0.15 nm, and the FLAME-

s (Ocean Insight, USA), which covers the VIS-NIR interval, with a FWHM of 1.7 nm, a 

SNR of 250 and SSI of 0.6 nm. The proposed algorithm exploits only the QEPro 

spectrometer since our aim is demonstrating that the spectral information in the range 650-

800nm is enough to retrieve biophysical parameters and fluorescence spectra. Further details 

about the FLoX setup are provided by Cogliati and colleagues (Cogliati et al. 2019). 

 

5.3.2 Seasonal trends of experimental measurements at canopy level 

In this section, the ALG2 configuration has been exploited to analyze experimental data 

acquired at canopy-level (1-3 m between the top of canopy and the spectrometer). The noise 

affecting the 𝑅𝑎𝑝𝑝  spectra (SNR ~ 500) has been also considered by the algorithm. The final 

aim of this analysis is evaluating the consistency, over the growing season, of the 

biophysical and F parameters retrieved by i-𝜑-MaLe for two agricultural crops (forage and 

alfalfa).  

Figure 21 shows the first performed analysis, which is the comparison between the F687 and 

F760 parameters retrieved by applying the ALG2 configuration and the corresponding values 

provided by other two already published algorithms: SFM (Meroni et al. 2010, Mazzoni et al. 

2010, Cogliati et al. 2015b,  Figure 21A) and SpecFit (Cogliati et al. 2019, Figure 21B). This 

analysis highlights the good agreement among the considered methods, in particular for 

early growth stages. The F687 values retrieved by the proposed algorithm, if compared to 

SFM (Figure 21A), are characterized by a slope estimated by standard least square linear 

regression model of 1.23, slightly above to the 1:1 trend, while F760 is characterized by a 

slope of 0.98, closer to 1. This discrepancy in the obtained F687 and F760 values is probably 

related to the different retrieving pipelines characterizing i-𝜑-MaLe and SFM: the F 
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retrievals in the oxygen bands by SFM are independent, while i-𝜑-MaLe extracts a single F 

spectrum from which F687 and F760 are obtained in a dependent manner. 

The comparison between i-𝜑-MaLe and SpecFit is provided in Figure 21C-F. In particular, 

exemplary F spectra extracted from the same experimental Rapp and their related variability 

range are shown both for i-𝜑-MaLe (in red) and SpecFit (in black). The overlap between the 

F spectra demonstrates that i-𝜑-MaLe and SpecFit provide compatible results in each 

analyzed spectral window. Slight discrepancies concerning their shape are detected only for 

F spectra characterized by really low values of LAI and Cab (LAI < 1 m
2
/m

2
, Cab < 10 

µg/cm
2
) (Figure 21C). 

 

Figure 21. Comparison of the experimental data analysis results provided by SFM, 

SpecFit and i-𝜑-MaLe. (A) Scatter-plot between F687 and F760 metrics obtained through 

algorithm ALG2 and retrieved by SFM. (B) Comparison of the F687 and F760 metrics 

retrieved by means of algorithm ALG2 and by SFM and SpecFit methods. Data are related 
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to both forage (Day Of the Year, DOY=58-139) and alfalfa (DOY=146-191) crops, 

separated by the black dashed line. (C)-(F) Comparison of the full fluorescence spectra 

retrieved by means of our method (red) and through SpecFit (black). The data reported in 

panels A and B represent the average and the related range of variability of 40 spectra, 

acquired for a total of 30 minutes around noon in clear sky conditions. The integrated 

RRMSE (%) is computed by a point-by-point comparison of the retrieved fluorescence 

spectra.  

 

In order to verify if the exclusion of the oxygen bands is able to considerably affect the 

retrieval, the seasonal trends of the biophysical parameters and fluorescence signals have 

been reported in Figure 22 both for the ALG2 and ALG3 configurations. 

 

 

 

 

Figure 22. Seasonal trends analysis of top of canopy-level measurements. The seasonal 

variations of (A) Cab, (B) LAI, (C) APAR, (D) Fqe, (E) F at 687 nm (O2-B band),  (F) F at 

760 nm (O2-A band), (G) FRC at 687 nm and (H) FRC at 760 nm, retrieved through i-𝜑-MaLe 

by exploiting the best windows condition (blue, ALG2 configuration) and by excluding the 

O2 bands (red, ALG3 configuration), are reported. In order to provide a simple and efficient 

representation of the seasonal trends, each data point is the average value among 40 

spectra acquired within 30 minutes around solar noon in clear sky conditions for both 

forage (DOY=58-139) and alfalfa (DOY=146-191) crops, separated by the black dashed 

line. The errors associated to each data point consider both the mean standard deviation 

computed among the considered spectra and the retrieving error of the proposed algorithm. 

 
 

The biophysical parameters retrieved by the two algorithms are consistent with the known 

behaviors of these types of crops and coherent with the results obtained from the simulated 

dataset. The Fqe shows lower values until DOY=86, when it increases until the end of the 

growth season. Moreover, during the whole seasonal trend, F687 is characterized by lower 



 

 

57 

 

values compared to F760. This behavior is compatible with the results reported by SpecFit 

(Cogliati et al. 2019). Fluorescence signals retrieved by both algorithm configurations show 

comparable values and, at the end of the growing season, the far-red F is significantly higher 

than the red fluorescence. Overall, this trend is consistent with the increasing canopy 

chlorophyll content along the growing season, causing a larger re-absorption in the red 

wavelength range and a gradual increase of far-red F. The fluorescence signal at the 

photosystem level, FRC, observed in Figure 22, shows a behavior in agreement with the lack 

of re-absorption processes, implying that both FRC687 and FRC760 follow the same trend with 

FRC687>FRC760. This result is coherent with other published studies (Van der Tol et al. 2019).  

For alfalfa, the drop at DOY = 161 is due to harvesting and we can observe that the Fqe and 

the fluorescence at the canopy and at the photosystem levels decrease after the cut and then 

start increasing during the second crop growth-cycle, although none of the parameters 

recover their initial values. Moreover, all the parameters retrieved by means of ALG2 or 

ALG3 are characterized by a compatible range of values.  

This reflects that the information related to F is contained also in spectral windows other 

than the oxygen bands, as already highlighted in Figure 15. This result also demonstrates 

that the reabsorption effect of the atmosphere in the O2 bands is negligible for spectra 

acquired at top of canopy level. A quantitative evaluation of this statement is reported in 

Figure 23, where a high correlation among the parameters estimated by ALG2 and ALG3 

configurations is shown. 
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Figure 23. Scatter plots between values retrieved by our algorithm excluding the O2 bands 

(ALG3) and by exploiting the best selected windows (ALG2), referring to: (A) Fqe; (B) F 

at 687 nm (O2-B band); (C) F at 760 nm (O2-A band); (D) FRC at 687 nm (O2-B band); (E) 

FRC at 760 nm (O2-A band). The red line is the linear least square fit, whereas the blue line 

refers to the 1:1. 

 

A further analysis can be provided by characterizing the correlations between F and the 

involved biophysical parameters (Figure 24).  

The fluorescence signals at 687 nm and at 760 nm at both canopy and at the photosystem 

levels clearly vary in relation to the biophysical parameters. Their trends are compatible 

with the literature (Yang et al., 2015; Yang et al., 2017), further demonstrating the 

consistency of the values retrieved by i-φ-MaLe during the experimental data analysis. 

Fluorescence signals (F and FRC) show different trends in dependence of the chlorophyll 

content (Cab, LAI and APAR). F dependence on Cab (Figure 24, A-D) and LAI (Figure 

24, E-H) follows a more or less linear trend modulated by saturation effects for Cab 

>60 μg/cm
2
 and LAI > 5 m

2
/ m

2
. F and FRC retrieved from experimental data follow instead 

a linear trend as a function of APAR (Figure 24, I-L). 

https://www.sciencedirect.com/science/article/pii/S0034425722003066#bb0340
https://www.sciencedirect.com/science/article/pii/S0034425722003066#bb0345
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Figure 24. Comparison of the estimated experimental seasonal fluorescence metrics in 

dependence of Cab, LAI and APAR. Panels (A)-(D) are related to the values of F at 687 

nm, F at 760 nm, FRC at 687 nm and FRC at 760 nm respectively, in dependence of Cab. (E)-

(H) refers to the same parameters reported as a function of the leaf area index, while panels 

(I)-(L) report the fluorescence metrics versus the APAR values. Points are color-coded for 

DOY and are related to forage (DOY<146) and alfalfa (DOY>146) crops. The black dashed 

line in the legend separates colors referring to forage and alfalfa crops.  
 

 

5.3.3  Daily trends of experimental measurements at canopy level 

The daily evolution of F and the biophysical parameters for DOY = 73, 106, 139 (forage) 

and DOY=182 (alfalfa) is reported in Figure 25. 
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Figure 25. Daily trends analysis of top of canopy-level measurements. Daily variations of 

(A) Cab, (B) LAI, (C) APAR, (D) Fqe, (E) F at 687 nm (O2-B band), (F) F at 760 nm (O2-A 

band), (G) FRC at 687 nm and (H) FRC at 760 nm, retrieved through ALG2 for different 

DOYs. Each data point is the average value among 40 spectra acquired within 30 minutes 

around each hour in clear sky conditions for both forage (DOY=73, 106, 139) and alfalfa 

(DOY=182) crops. Errors associated to each data point consider both the mean standard 

deviation computed among the considered spectra and the retrieving error of the proposed 

algorithm. Panels I-L report the daily trend of the fluorescence metrics from 9.30 to 12:00 

UTC. Each data point refers to the analysis of a single reflectance spectrum with a 10 

minutes sampling time and the associated error is due to the retrieval method for the 

experimental SNR=750.  
 

 

The retrieved Cab (Figure 25A) and LAI (Figure 25B) parameters are almost constant 

during the daily measurements. Less accurate results are associated to the LAI parameter for 

DOY 106 and 139 since SCOPE hardly manages LAI values in the [6 8] m
2
/m

2
 interval. 

APAR (Figure 25C) shows, instead, a diurnal variability with maximum values at low SZA 

(around solar noon). At morning and afternoon, the sun is lower than at midday and the 

penetration of sunrays is lower. Thus, the largest contribution of the sunlit foliage and of the 

lower leaf layers occurs at midday when the sunrays penetration is the highest. DOY 73 
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regards forage at the beginning of the growth (with the presence of a bare soil component, as 

observed from field spectral measurements) so that this trend is different from the others. 

While the seasonal behavior of the F parameters primarily responds to the varying amount 

of chlorophyll in time, the daily response is largely modulated by photosynthetic activity, 

which is highest at noon and corresponds to the tiny positive parabolic trend (Figure 25E-

H). We can also observe a subtle midday depression in the F signals (Figure 25I-L), 

particularly evident at DOY 182 in the alfalfa crops around 10.30 UTC (12.30 Local Mean 

Time - LMT), arising from photosynthetic activity (Campbell et al. 2019). The detection of 

the midday depression is a really interesting achievement since this phenomenon, which is a 

slight reduction of the vegetation fluorescence emission around the solar noon, highlights 

vegetation stress caused by an excess of energy coming from the sunlight. Also in this case 

we observe larger values of FRC with respect to F, indicating the robustness of the algorithm. 

Moreover, the trends characterizing fluorescence values are similar to the results obtained 

by other already published methods (Campbell et al. 2019, Lu et al. 2020). A further 

indication of the reliability of the proposed method can be also provided by the stability of 

the fluorescence yield Fqe (Figure 25D), which, in absence of stress, should preserve 

similar values through the day. F is closely related to the light harvesting process and 

responds timely to rapid changes in photosynthesis (Baker, 2008). Photosynthesis is a 

process actively regulated by different mechanism according to the changes in the 

illumination occurring during the day (Romero et al. 2020, Pinto et al. 2020). Since 

photosynthesis and F compete for the same excitation energy, their efficiency is strictly 

linked to each other (Baker 2008). This could explain the small Fqe oscillation observed at 

diurnal scale, under not stressed conditions. 

Finally we considered the Gross Primary Production (GPP), which is the total amount of 

carbon compounds produced by the photosynthesis of plants in an ecosystem in a given 

period of time. In particular, GPP is the golden standard parameter to monitor the 

photosynthetic process occurring in vegetation and depends on some of the biophysical 

parameters retrieved by the proposed algorithm (Rossini et al. 2012). Here, its daily trend 
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has been reported for DOY = 182, together with the APAR and F metrics (Figure 26, each 

considered variable has been normalized in the range [0 1] to better highlight the reciprocal 

behaviors).  

 

 

Figure 26. Daily variation of GPP and APAR in comparison with (A) F687, (B) F760, (C) 

FRC687, (D) FRC760 retrieved through the ALG2 algorithm for DOY = 182. Each data point is 

the average value among 40 spectra acquired within 30 minutes around each hour in clear 

sky conditions. Errors associated to each data point consider both the mean standard 

deviation computed among the considered spectra and the retrieving error of the proposed 

algorithm. 

 

As expected by the literature, the GPP trend is dependent on the retrieved APAR, (Rossini et 

al. 2012). This trend is unaffected by the presence of a midday depression of F around the 

solar noon. This further demonstrates that the different parameters are retrieved 

independently by the proposed algorithm and that their trends are compatible with the 

literature. Moreover, this analysis creates new insights about the possibility to exploit the 

proposed method to estimate new crucial variables able to provide a more complete 

description and quantification of the photosynthetic processes occurring in the vegetation, as 

the GPP. 
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5.3.4 Seasonal and Diurnal trends of Tower-level experimental 

measurements          
 

In order to evaluate the consistency of the results obtained by exploiting the ALG3 

configuration, i-φ-MaLe has been applied to retrieve the seasonal and daily trends 

characterizing a Downy Oak (Quercus pubescens) forest in France (43.931 N; 5.713 E). In 

tower-level acquisition conditions, atmospheric compensation techniques are needed to 

retrieve F at the O2 bands. As a consequence, since SFM and SpecFit fluorescence retrievals 

are based on O2 bands, a comparison between their outputs and ALG3 results is not 

available. From a preliminary analysis, it is interesting to highlight that the proposed method 

provides meaningful (i.e. positive) values without needing a proper atmospheric 

compensation differently from already developed algorithms based on O2 bands information 

content. Moreover, by applying i-φ-MaLe, the complex and time-consuming application of 

atmospheric correction models devoted to modify the Rapp spectra shape are not needed and 

no pre-processing procedures are necessary. 

 

 

 

Figure 27. Seasonal trends analysis of tower-level measurements. Seasonal variations of 

(A) Cab, (B) LAI, (C) APAR, (D) Fqe, (E) F at 687 nm (O2-B band), (F) F at 760 nm (O2-A 

band), (G) FRC at 687 nm and (H) FRC at 760 nm, retrieved through our algorithm by 

excluding the O2 bands (ALG3 pipeline). In order to provide a simple and efficient 

representation of the seasonal trends, each data point is the average value among 40 

spectra acquired within 30 minutes around solar noon in clear sky conditions for a 

deciduous forest of Downy oak in France. The errors associated to each data point consider 

both the mean standard deviation computed among the considered spectra and the 

retrieving error of the proposed algorithm. 
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F and FRC follow the APAR trend (Figure 27C, E-H), in agreement with the top of canopy-

level measurements. Moreover, the F spectrum is characterized by higher values in the red 

with respect to the far-red until DOY=145, when an inversion of this trend is recorded. 

Instead, FRC maintains a constant trend after reaching its maximum value at DOY=145, with 

FRC687> FRC760. It is noteworthy that the algorithm allows to retrieve the fluorescence emitted 

at the reaction center level with a reasonable accuracy at least for the annual variations. 

Even though we excluded the oxygen bands from the spectral range of the analysis, we still 

could give an estimate of the 𝐹𝑅𝐶  signals, although affected by large uncertainties, mainly 

related to the variability among consecutive acquired 𝑅𝑎𝑝𝑝  spectra. Finally, Fqe starts from 

a value of 0.014±0.004 and then slightly decreases to 0.010±0.001 at DOY=145, 

maintaining a constant trend until DOY=258.  

 

 

Figure 28. Daily trends analysis of tower-level measurements. Daily variations of (A) Cab, 

(B) LAI, (C) APAR, (D) Fqe, (E) F at 687 nm (O2-B band), (F) F at 760 nm (O2-A band), 

(G) FRC at 687 nm and (H) FRC at 760 nm, retrieved through ALG3 configuration from 

tower-level measurements for different DOYs (Day 145 and Day 196). Each data point is 

the average value among 40 spectra, acquired within 30 minutes around each hour, in clear 

sky conditions. Errors associated to each data point consider both the mean standard 

deviation computed among the considered spectra and the retrieving error of the proposed 

algorithm. 
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Also the daily trends of the biophysical and F parameters (Figure 28), retrieved from the 

tower data with the exclusion of the oxygen bands, are aligned with the outcomes of already 

published methods (Campbell et al., 2019, Lu et al., 2020) and with LAI and Cab values 

measured on the ground level, 1.90±0.71 m
2
/m

2
 and 45.6±5.8 µg/cm

2
, respectively. 
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6. Φ-Norm, a phasor approach to normalize biopsies 

staining 

Φ-Norm is a novel geometrical method conceived to provide a fast and accurate color 

normalization of stained tissue sections, supporting the application of Artificial Intelligence 

techniques to diagnosis automatization. The method is fully automated: consequently, its 

application does not require specific programming knowledge. Moreover, due its fully 

geometrical nature, Φ-Norm needs only  a common PC, without any specific technical 

requirement  available in every pathology laboratory (RAM = 16GB, CPU AMD A4-3420 

APU). The algorithm, described in the following section, has been validated by normalizing 

the color content of H&E-stained human and murine liver tissue sections, available at the 

University of Leeds Virtual pathology Repository (ULVPR, 

https://archive.researchdata.leeds.ac.uk/) or acquired at the German Cancer Research Centre 

(DKFZ). The output normalized images have been quantitatively compared with the results 

obtained by other normalization methods (Reinhard et al. 2001, Macenko et al. 2009) in 

terms of 3D color distribution in the RGB colour-space. Then, the same analysis has been 

performed for tissue sections treated with a different staining, the PicroSirius Red (SR), in 

order to quantify and demonstrate the robustness of the proposed approach in performing 

accurate color normalization for different staining protocols. Moreover, a novel parameter, 

the Color Mean Distance (CMD), has been exploited to identify the most suitable method to 

reduce the color discrepancy among different tissue sections. Indeed, this is crucial to 

effectively apply machine learning techniques, which are highly affected by color 

discrepancies of the same biological structures in different samples.  

 

6.1 Φ-Norm algorithm         

 
Φ-Norm is a novel method conceived to perform stain normalization by exploiting the DFT 

geometrical properties in the phasor space. As extensively reported in literature (Fereidouini 

et al., 2012), if  two different F1 and F2 spectra with the related  coordinates on the phasor 
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plane (GF1,SF1) and (GF2,SF2) are considered,  the coordinates (GT,ST) of the spectrum FT = 

aF1+bF2, where a+b = 1 are defined as: 

 

𝐺𝑇 = 𝑎𝐺𝐹1 + 𝑏𝐺𝐹2  (28) 

𝑆𝑇 = 𝑎𝑆𝐹1 + 𝑏𝑆𝐹2  (29) 

 

In Φ-Norm, this property has been applied to whole-slide images stored in RGB format 

(Section 3.1). In this context, the RGB spectrum of each pixel is represented by the X = 

[R,G,B] vector, where R, G and B represent the intensity value of the Red, Green and Blue 

channels.  

 

 

Figure 29: Analysis of the RGB spectra projections on the phasor plane. A: example of a 

RGB spectrum. In this case, the RGB values are [220,100,170]. B: scatter plot of the 2563 

possible RGB spectra characterizing a 8-bit RGB format image, color-coded by their 

representative color.  

 

An example of RGB spectrum of a pixel characterized by the coordinates R=220, G=100, 

B=170 is shown in Figure 29A. Since a RGB spectrum can be considered as composed by 

the three spectra [R,0,0], [0,G,0] and [0,0,B], Eq. 28 and Eq. 29 are  adapted as follows: 

 

𝐺[𝑅,𝐺,𝐵] = 𝑎𝐺[𝑅,0,0] + 𝑏𝐺[0,𝐺,0] +  𝑐𝐺[0,0,𝐵]  (30) 

 

𝑆[𝑅,𝐺,𝐵] = 𝑎𝑆[𝑅,0,0] + 𝑏𝑆[0,𝐺,0] +  𝑐𝑆[0,0,𝐵]  (31) 

 

𝑤𝑖𝑡ℎ      𝑎 + 𝑏 + 𝑐 = 1   (32) 
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In a standard 8-bit RGB format image (2
8
 = 256 different intensity per channel), 256

3
 (more 

than 16 million) different colors are represented, with their  projections (Figure 29B) 

obtained  by computing the DFT of each RGB spectrum X(n) = [R,G,B], as: 

 

𝐺𝐹 =
∑3

𝑛=1 𝑋(𝑛)𝑐𝑜𝑠(
2𝜋𝑛

3
)

∑3
𝑛=1 𝑋(𝑛)

                     𝑆𝐹 =
∑3

𝑛=1 𝑋(𝑛)𝑠𝑖𝑛(
2𝜋𝑛

3
)

∑3
𝑛=1 𝑋(𝑛)

      (33) 

 

where n is the n-th color channel. In this phasor plot configuration, it can be demonstrated 

that if two spectra are projected in the same point, they are characterized by the same Hue 

and Saturation parameters (HSV colour-space), while their Value is undetermined. Indeed, 

the degeneration of the Value is caused by the normalization in Eq. 33: if two colors differ 

only for their Value parameter, the ratio between the intensity of each channel and the sum 

of the channels is the same, causing the degeneration. 

 

 
 

Figure 30: Schematic of the Φ-Norm method. A) The RGB spectrum of each pixel is 

projected on the phasor plot for both the reference and the analyzed images. B) The 

respective staining vectors R and A are automatically retrieved by Φ-Norm, as they are the 

vertices of the best triangle inscribing all the pixel projections in the phasor plane. Each 

pixel projection of the analyzed image is mapped from the coordinates system expressed by 

the staining vectors to the system of the reference image by exploiting Eq. 30, Eq. 31, Eq. 

32. The Hue and Saturation parameters of the color associated to the pixel projection in the 

new system are combined with the Value parameter obtained from the original image. 

Finally, the normalized color vector, lying in the HSV colour-space, is transformed in the 

RGB format. 
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A scheme of the Φ-Norm method, which has been implemented in MATLAB, is reported in 

Figure 30. The proposed approach is unsupervised, fully automated and requires two input 

images: the analyzed image, whose staining needs to be normalized, and a reference image: 

 

1) The algorithm acts both on the analyzed and reference images, projecting the RGB spectrum 

of each pixel on the related phasor plots by exploiting Eq. 33 (Figure 30A).  

 

2) For each phasor plot, the algorithm automatically identifies the best triangle inscribing all 

the projected points by exploiting a minimal bounding detection protocol, automatically 

implemented by MATLAB libraries. The triangle vertices are identified by the ordered 

triplets R = [r1,r2,r3] and A = [a1,a2,a3] for the reference and analyzed image, respectively 

(Figure 30B). These triplets represent the coordinates of the RGB spectra projection related 

to the pure contribute of a single staining in the image. For instance, in Figure 30B, a3 and 

r3 correspond to the pure contribute of Hematoxylin in the analyzed and reference image, 

respectively, while a2 and r2 represent the pure contribute of Eosin and a1 and r1 refer to the 

background. As a consequence, R and A correspond, in the phasor plane, to the staining 

vectors exploited by many stain separation-based methods for image normalization 

(Macenko et al. 2009, Khan et al. 2014) or color deconvolution (Ruifrok et al. 2001, 

Rabinovich et al. 2003). It is crucial to underline that, thanks to the exploitation of the a1 and 

r1 coordinates, the Φ-Norm normalization output is independent on the presence of different 

background white space in terms of both area and color expression. Indeed, coordinates a1 

and r1 represent the images background colors, which are normalized by the proposed 

approach. 

 

3) The coordinates (GP,SP) of each pixel projection P of the analyzed image can be expressed 

in terms of the vector A exploiting Eq. 30 and Eq. 31, as shown in Figure 30 (green 

formula). By taking advantage  also of Eq. 32, the algorithm is able to retrieve the value of 

the weights a,b and c characterizing each pixel projection. 
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4) Eq. 30 and Eq. 31 are exploited again to map the coordinates P of points in the analyzed 

phasor plane to its transformed coordinates P’ in the reference phasor space (Figure 30C): 

as shown in Figure 30 in orange, the coordinates (GP’,SP’) are obtained by multiplying the 

weights a,b and c for the ordered components of the reference vector R. 

 

5) Each pixel of the analyzed image is associated to the 8-bit RGB color whose coordinates on 

the phasor plot (Figure 30D) are nearest to P’, in terms of Euclidean distance. In order to 

preserve the information and limit the degeneration effect, the retrieved color is mapped in 

the HSV space, and its Hue and Saturation parameters P’Hue and P’Saturation are associated to 

the pixel. 

 

6) The Value parameter is retrieved directly from the analyzed image: the RGB color referring 

to the pixel is transformed in the HSV space and the corresponding Value parameter 

pixelValue is exploited.  

 

7) The triplet [P’Hue, P’Saturation, pixelValue] associated to the pixel is mapped from the HSV space 

to the RGB space (Figure 30E) and the new vector [P’’Red, P’’Green, P’’Blue] represents the 

final stain normalized intensities of the red, green and blue channels of the pixel. 

 

Once each pixel of the analyzed image has been processed, Φ-Norm provides the 

corresponding stain normalized image, in a 8-bit RGB format. 

 

6.2 Staining normalization of H&E patches      
 

In order to provide a proof of concept application of the proposed method and demonstrate 

its effectiveness in reducing the color difference in tissue images acquired in multiple 

laboratories, Φ-Norm has been applied to H&E-stained human liver tissue patches 

(1126x938 pixels). The colour content of the analysed images (an example is reported in 

Figure 31B), available in the repository of the University of Leeds (ULVPR), has been 
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normalized by exploiting a reference, which is  an H&E-stained murine hepatocarcinoma 

section (Figure 31A), acquired at  DKFZ (Heidelberg, Germany). 

 

 

Figure 31: Staining normalization of an exemplary H&E patch performed by exploiting 

the Macenko (C), Reinhard (D) and the proposed method (E). Panel A: region of interest of 

a murine liver tissue section, acquired at DKFZ and exploited as reference. Panel B: 

analyzed image related to an H&E stained human liver tissue section available in the 

ULVPR. Panels F-J report the results of a naive segmentation protocol based on color 

thresholding and applied on the images of panels A-E to identify the nuclei (highlighted in 

black) and the cytoplasm (in green) present in the tissue. Field of view: 248x206 µm
2
 

(1126x938 pixel
2
). 

 

 

The staining normalization task has been performed by exploiting the proposed method 

(Figure 31E), the Reinhard approach (Reinhard et al. 2001, Figure 31D) and the Macenko 

protocol (Macenko et al. 2009, Figure 31C). From a qualitative perspective, the results 

achieved by the three different algorithms are compatible and affected by few differences. In 

particular, the normalized image retrieved by Macenko is slightly more reddish and 

saturated, while Reinhard and Φ-Norm show a more similar outcome. Compared to the 

reference image, the normalized background pixels obtained by Reinhard are darker and 

bluish, while Macenko algorithm and Φ-Norm show a brighter and more resembling 

background. In order to provide a more quantitative analysis, a naive segmentation of two 

biological structures, nuclei (Figure 31F-J, in black) and cytoplasmatic regions (Figure 

31F-J, in green) has been obtained by exploiting a simple color thresholding protocol. In 

particular, pixels characterized by color intensities lower than [119, 91, 211] and [230, 244, 

187] in the RGB colorspace have been associated to nuclei and cytoplasm, respectively. 
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These thresholds have been selected to reach the best accuracy in the Reference image and 

compare the results obtained by exploiting the same protocol on the analyzed image before 

and after the exploitation of different staining normalization algorithms. Concerning the 

nuclei segmentation, a reliable result is achieved also without taking advantage of staining 

normalization (Figure 31G), while the Φ-Norm color expression of the cytoplasmatic areas 

is the most similar to the Reference image: this is clearly showed in Figure 31J, where the 

segmentation accuracy of the cytoplasmatic regions is higher, compared to the results 

obtained by applying Macenko or Reinhard protocols (Figure 31H and Figure 31I, 

respectively). In particular, the Intersection over Union (IoU) parameter related to the 

cytoplasmatic region is 91.1% in the Φ-Norm-normalized image, compared to the 62.5% 

and 65.8% of the other investigated approaches (Macenko and Reinhard, respectively). 

Furthermore, the histograms of the pixel color content (Figure 32) have been computed for 

the reference (Figure 31A) and the normalized images obtained through the three  reported 

methods (Figure 31 C-E). The three distributions related to  the red channel (Figure 32 

A,D,G) are very similar to the reference (in gray) and show a single peak around 200, while 

the histogram obtained through  the Macenko method is also characterized by a second peak 

around the value 235. In the green channel (Figure 32 B,E,H), the histogram related to the 

Reinhard method is almost superimposed to the reference: they are characterized by the 

same peak position, around the value of 113, and by a similar width. The Macenko 

distribution is narrower, even if its peak is in the same position, around 113.  
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Figure 32: Normalized pixels intensity distributions of reference and normalized RGB 

images for each color channel. Panels A, B, C show the pixels intensity distributions of the 

red, green and blue channels  after Φ-Norm stain normalization (Figure 31E), while panels 

D, E, F refer to the normalized image obtained by exploiting Reinhard approach (Figure 

31D). Panels G, H, I are the corresponding histograms of the red, green and blue channels 

related to the Macenko normalized image (Figure 31C). In each panel, the histograms of 

the red, green and blue channels related to the reference image (Figure 31A) are reported 

in black. 

 

 

Compared to the reference image, the green channel histogram related to Φ-Norm is the 

most different: even if the distribution width is comparable to the reference, its peak is 

shifted toward higher intensity values, around 131. However, in the blue channel (Figure 32 

C,F,I), the scenario is inverted: only the peak position related to the Φ-Norm method 

(around 200) is comparable with the reference histogram, while Reinhard's and Macenko’s 

algorithms show a single peak around 180. 
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Figure 33: 3D pixel intensity histograms in the RGB colour-space. The red, green and 

blue channels have been normalized in the interval [0 1] and separated in four equally 

spaced intervals, obtaining 64 groups represented by bubbles, color-coded by the mean 

color in the considered 3D interval. The volume of the bubbles is linearly proportional to 

the number of pixels in the  clusters. Panel A refers to the distribution of the reference 

image (Figure 31A), while panel B corresponds to the analyzed image (Figure 31B). 

Panels C, D ,E represent the 3D color distributions  of the images normalized by means of 

the Macenko (Figure 31C), Reinhard (Figure 31D) and the proposed method (Figure 31E), 

respectively. 

 

 

A different quantitative characterization of the methods has been obtained through a 3D 

visualization of the color distributions in the RGB space (Figure 33). The red, green and 

blue channels have been normalized in the interval [0 1] and separated in four equally 

spaced intervals ([0 0.25], [0.25 0.50], [0.50 0.75] and [0.75 1.00]), obtaining 64 groups 

which are represented by bubbles of different dimensions. The bubbles diameter is linearly 

proportional to the number of pixels in the corresponding group: a bigger bubble represents 

a cluster containing more pixels. The distributions (Figure 33A and Figure 33B) associated 

to the reference (Figure 33A) and the analysed images (Figure 31B) are very different. In 

both images, most of the pixels belong  to few groups. The cluster with coordinates [0.63 

0.38 0.63] contains the 52.0% of the pixels for the reference image, while only the 10.4% for 

the analysed image. On the other hand, the cluster characterized by the coordinates [0.63 

0.38 0.38], where the intensity of the blue channel is lower, contains the 53.8% and the 3.4% 

of the pixels for the analysed and reference images, respectively. Since most of the pixels 

represent the cells cytoplasm in both images, the highlighted shift in the 3D distributions is 

caused by a difference in the Eosin color. This is also demonstrated by the qualitative 

observation of the patches: the colour corresponding to the Eosin staining in the reference 

image is identified by a higher contribute of the blue channel, while the analysed image 

appears reddish, due to the lack of the blue colour contribute. Regarding the Haematoxylin 
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staining, the differences between the reference and analysed images are more difficult to be 

visualized: from a qualitative observation, the nuclei of the analysed image appear slightly 

darker. However, this discrepancy is highlighted in the 3D distributions (Figure 33A, 

Figure 33B): the bubble of coordinates [0.13 0.13 0.13], which is associated to the dark blue 

and black colours, groups the 0.4% of reference image pixels and the 1.9% of the analysed 

image pixels. On the other hand, considering the bubble of coordinates [0.13 0.13 0.38], 

which identifies a lighter blue colour, the scenario is inverted: this cluster collects the 1.8% 

and the 0.7% of the pixels for the reference and analysed images, respectively. The 3D 

distributions of the normalized images (Figure 33C-E) are also suitable to demonstrate the 

effectiveness of the exploited staining normalization methods. A brief summary of the most 

crucial data is reported in Table 4. 

 

 
Table 4: percentage of pixels associated to four different clusters (whose coordinates are 

reported in the table) of the 3D distributions reported in Figure 43.  

 

 

Compared to the reference image, the distributions related to the three staining 

normalization methods are very similar. In particular, as for the reference image, the cluster 

of coordinates [0.63 0.38 0.63], which represents the cytoplasm, is the biggest and only few 

pixels (<6%) belong to the [0.63 0.38 0.38] group. Moreover, for each staining 

normalization method, the cluster corresponding to the dark blue and black color is smaller 

than the group characterized by the [0.13 0.13 0.38] coordinates, representing the nuclei. It 

demonstrates that the colors of the analyzed image are successfully normalized by exploiting 

any of the three staining methods, strictly preserving the 3D distribution of the reference 

image colors.  
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6.3 Staining normalization of PicroSirius Red-stained images  

    

 
In order to prove the robustness and versatility of the proposed method in performing the 

color normalization task for different staining protocols, the Φ-Norm, Reinhard and 

Macenko approaches have been applied to PicroSirius Red (SR)-stained whole slide images 

of murine liver tissue sections acquired at DKFZ (Heidelberg). The exemplary image in 

Figure 34B has been selected for the low quality of the SR stain, while the color 

normalization results are reported in Figure 34C (Macenko), Figure 34D (Reinhard), 

Figure 34E (Φ-Norm).   

 

 

Figure 34: Stain normalization of an exemplary SR patch performed by Macenko (C), 

Reinhard (D) and  Φ-Norm (E). Panel A: region of interest of a murine liver tissue section  

exploited as reference. Panel B: analyzed image characterized by a low quality staining in 

terms of color content with respect to the reference. Panels F-L: 3D pixel intensity 

histograms in the RGB colour-space. Panel F refers to the distribution of the reference 

image (Figure 34A), while panel G corresponds to the analysed image (Figure 34B). 

Panels H,I,L represent the 3D distributions  of the images normalized by means of  

Macenko (Figure 44C), Reinhard (Figure 34D) and Φ-Norm (Figure 34E). Panels M-Q 

report the results of a naive segmentation protocol based on color thresholding and applied 

on the images of panels A-E to identify the collagenous areas (highlighted in blue) and the 

cytoplasm (in magenta) present in the tissue. The images in panels A-E and M-Q are 

characterized by the same field of view: 156x95 µm
2
 (708x432 pixel

2
). 
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The qualitative comparison between the reference (Figure 34A)  and the analyzed images 

show that the collagen is characterized by a similar red color,  while the cells cytoplasm 

suffers a huge discrepancy in terms of color content, as it is identified in yellow (reference) 

or orange (analyzed image). Moreover, the nuclei in the analyzed image are slightly darker 

than in the reference. These differences are also reflected in the 3D histogram visualization 

of the RGB colour-space. In the analyzed image distribution (Figure 34F), only the 6.1% of 

the pixels are grouped in the cluster of coordinates [0.63 0.63 0.13], which corresponds to 

the orange color, while it collects the 21.8% of the reference image pixels (Figure 34G). 

The cluster centered in [0.63 0.63 0.38],  related to the light orange color, groups almost the 

same number of pixels (37.3% and 44.5% for the reference and analyzed image, 

respectively), while the light red cluster in [0.63 0.38 0.38] is more dense in the analyzed 

image distribution, collecting the 22.9% of the pixels. From a qualitative perspective, the 

Reinhard method appears less effective in performing the normalization task: the collagen is 

characterized by a magenta color (Figure 34D) instead of red, which means that the blue 

channel intensity is overestimated. However, the cytoplasmatic region is successfully 

normalized to yellow and the nuclei orange color has been preserved, as expected. Φ-Norm 

(Figure 34E) and Macenko (Figure 34C) methods, which are stain vectors-based, perform a 

more compatible color transformation, mapping the cytoplasmatic region from orange to 

yellow and preserving, at the same time, the color content of both nuclei and collagen areas. 

Discrepancies in the color normalization procedures are easily highlighted by exploiting 3D 

histograms: the magenta cluster centered in [0.63 0.38 0.38] groups more pixels in the 

Reinhard distribution (23.6% - Figure 34I) than the other staining normalization approaches 

(11.3% and 10.8% for Macenko and Φ-Norm, Figure 34H and Figure 34L, respectively) 

since Reinhard method identifies collagen with a magenta color, instead of red, as correctly 

performed by Macenko and Φ-Norm. Similarly to the H&E-stained sections, a naive 

segmentation, based on color thresholding, has been applied to SR-stained images to 

identify collagen and cytoplasmatic areas present in the tissue (Figure 34 M-Q). In this 

case, pixels characterized by color intensities lower than [255, 114, 104] and [245, 241, 100] 
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in the RGB colorspace have been associated to collagen and cytoplasm, respectively. 

Concerning the cytoplasm segmentation, no discrepancies have been highlighted among the 

results obtained through the different staining normalization methods (Figure 34 O-Q), 

while the collagen segmentation after the image processing involving the Reinhard 

algorithm (Figure 34P) is characterized by a really low accuracy, if compared to the other 

protocols. This is quantitatively demonstrated by the IoU related to the collagenous tissue 

present in the image since it is high for the images which are normalized by exploiting 

Macenko and Φ-Norm methods (94.2% and 94.8%, respectively) and lower for Reinhard 

(71.0%). 

 

6.4 Φ-Norm application to improve segmentation protocols accuracy 

The aim of this analysis is to demonstrate that, compared to the state of the art staining 

normalization protocols, Φ-Norm is a useful preprocessing tool to improve the performance 

of Machine Learning-based semantic segmentation methods. Indeed, these approaches 

consider that the same biological structure is characterized by the same color content in any 

biopsy. Unfortunately, this is not true in experimental conditions, due to discrepancies in the 

staining procedures performed by different laboratories or to different image acquisition 

scanners.  

During this analysis, performed for both H&E and SR staining, different biological 

structures (nuclei, cytoplasmatic area and collagen) have been manually segmented by an 

expert in a reference image, acquired in the DKFZ laboratories, and in other 20 images, 

collected in the ULVPR, in the TGCA or in the DKFZ repositories (Figure 35). 
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Figure 35: Manual segmentation of biological structures performed by an expert. A and E 

are the H&E and SR-stained patches extracted from murine biopsies acquired at the DKFZ 

laboratories and exploited as reference images, while B and F are the corresponding 

outcomes of the manual segmentation performed by the expert. The pixels classified as 

nuclei are green-colored, while the regions recognized as cytoplasm and collagen are 

reported in red and blue, respectively. Macenko, Reinhard and  Φ-Norm approaches have 

been exploited to analyze 20 H&E (248x206 µm
2
) and 20 SR (156x95 µm

2
) stained images. 

In particular, C and G are exemplary analyzed H&E and SR-stained ROIs, respectively. D 

and H are the corresponding outcomes of the manual segmentation performed by the expert, 

color-coded as B and F. 

 

 

Then, the 20 images have been staining-normalized by applying Reinhard, Macenko and Φ-

Norm methods. The mean intensity values of each red, green and blue channels have been 

computed for each structure, manually segmented by the expert, both in the reference and in 

the color normalized images, (Figure 36 and Figure 37 for the H&E and SR-stained 

images. respectively). 
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Figure 36: Boxplots reporting the mean, median and standard deviation computed for the 

nuclei (A, B, C) and the cells cytoplasm  (D, E, F) clusters, manually segmented by an  

expert in 20 H&E images after the normalization procedure. In particular, panels A, D are 

related to the red channel color component, while (B, E) and (C, F) refer to the green and 

blue channels, respectively. In each graph, the reference image mean intensity of the 

channel is represented by a red line, The median and the mean values are represented by a 

circle and a horizontal line inside the boxes, whose edges represent the upper and lower 

limits of the standard deviation. 

 

 

Concerning the H&E-stained images, the red channel (Figure 36D) distributions of the three 

methods are compatible with the reference value (red line in Figure 36) for the cells 

cytoplasm. On the other hand, for  nuclei (Figure 36A), the Macenko method slightly 

underestimates the mean intensity, while the Reinhard and Φ-Norm are compatible with the 

reference value. In the green channel, the outcomes of the Reinhard and Φ-Norm approaches 

agree with  the reference image better than the Macenko method, both for nuclei (Figure 

36B) and cells cytoplasm  (Figure 36E). Finally, regarding the blue channel, the trends for 

the nuclei (Figure 36C) and the cells cytoplasm (Figure 36F) are very similar. In particular, 

in both cases, Φ-Norm shows the best agreement with the reference, while Macenko is 

characterized by the least compatible results. 
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Figure 37: Boxplots reporting the mean, median and standard deviation computed for the 

nuclei (A, B, C), the cells cytoplasm (D, E, F) and the collagen (G, H, I) clusters manually 

segmented by an expert in 20 SR images after the normalization procedure. In particular, 

panels (A, D, G) are related to the red channel color component, while (B, E, H) and (C, F, 

I) refer to the green and blue channels, respectively. In each graph, the reference image 

mean intensity of the channel is represented by a red line. The median and the mean values 

are represented by a circle and a horizontal line inside the boxes, whose edges represent the 

upper and lower limits of the standard deviation. 

 

 

By taking into account the SR results (Figure 37), Φ-Norm agrees with the reference image 

red color content better than the other methods. In particular, Figure 37A and Figure 37G 

highlight that Φ-Norm is totally compatible with the reference value, while Reinhard and 

Macenko slightly underestimate the red intensity. The best performance in the green channel 

is accomplished by the Macenko and the Φ-Norm approaches, whose distributions are 

compatible with the reference image mean intensity in every segmented biological structure 

(Figures 37B, E, H). In the blue channel, the mean color intensity of the cells cytoplasm  

(Figure 37F) in the reference image is similar to the outcomes of the three normalization 

methods. However, the intensity in the nuclei (Figure 37C) are slightly overestimated by all 
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the normalization procedures with Macenko showing the best compatibility with the 

reference. Concerning the collagen regions, the blue channel (Figure 37I) is slightly 

underestimated by Macenko and Φ-Norm, while it is overestimated by Reinhard. 

 

Since the color characterizing a biological structure is the result of the different 

superposition of the red, green and blue contributes, a metric able to simultaneously consider 

discrepancies affecting the three (R, G, B) color contents has been conceived and named 

Color Mean Distance (CMD). Indeed, the (R, G, B) components of each pixel can be 

represented in a 3D color space, where different biological structures with similar colors are 

grouped in clusters. The centroid coordinates correspond to the mean color of the clusters 

and therefore of the biological structure. By considering two different clusters lying in the 

same N-dimensional colour-space (N=3 for RGB) and characterized by the centroids [x1, x2, 

…, xN] and [y1, y2, …, yN] respectively, their CMD value is computed as their Euclidean 

distance: 

 

𝐶𝑀𝐷 =  √∑𝑁
𝑖=1 (𝑥𝑖 − 𝑦𝑖)2

2
   (34) 

 

 

If the two clusters correspond  to the same biological structure characterized by the same 

color in different images the CMD value will be zero. However, the centroids distance will 

increase if the color content discrepancy between the two clusters grows and the CMD will 

be characterized by a higher value. In our case, the CMD between the centroids of the 

biological structures after the stain normalization protocols and those related to the reference 

has been computed for 20 H&E and 20 SR stained patches. A summary of the computed 

CMD values are reported in Table 5. 
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Table 5: Mean CMD values referred to the biological structures manually segmented in  

20 H&E and 20 SR stained patches. The CMD has been computed between the centroids 

representing the considered biological structure for the stain normalized and the reference 

images. 

 

 

Regarding the H&E stained tissue sections, Φ-Norm is characterized by the best results 

among the considered staining normalization methods. In particular, compared to the 

Macenko approach, the color content discrepancy from the reference values is reduced by 

~50% for the nuclei and ~40% for the cells cytoplasm. Furthermore, the three methods are 

able to better resemble the cytoplasm color of the reference image, while the mean CMD 

obtained in the nuclei is higher for each approach. 

Concerning the SR images, the Macenko and Φ-Norm approaches are characterized by 

similar performances in terms of CMD. Compared to Reinhard, the Φ-Norm color 

discrepancy from the reference image is reduced by ~40% for the nuclei and by ~25% for 

collagen, while the differences among the three approaches are not relevant for the cells 

cytoplasm. 

 

6.5 Staining normalization of Whole Slide Images    

       
Finally, the efficacy of Φ-Norm in stain normalization of entire whole slide images is 

demonstrated in Figure 38 and Figure 39 for two different stainings: PicroSirius Red and 

H&E, respectively. In the first case, Φ-Norm has been applied to uniform the color 

expression of the same whole slide section, acquired at the DKFZ laboratories. In particular, 
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a single patch of 512x512 pixels extracted from a region near the sample boundaries has 

been exploited as reference to analyze the entire slide. In the second scenario an entire 

H&E-stained whole slide section of the DKFZ laboratories has been exploited as reference 

to modify the color palette of a sample acquired at the Humanitas Research Hospital (Prof. 

Luca Di Tommaso, Milan – Italy). In both cases, the whole analyzed slides have not been 

divided in patches during the normalization procedure, as Φ-Norm acts pixelwise in the 

phasor space domain. 

 

 
 

Figure 38: Application of the Φ-Norm method to an exemplary SR-stained whole slide 

image. Panel A shows the analyzed image (4.0x1.7 mm
2
), while B reports the results of the 

Φ-Norm method. Panel C shows the region of interest (156x265 µm
2
) highlighted by a red 

rectangle in panel A, while panel D shows the same patch extracted from the Φ-Norm 

normalized image in panel B. The horizontal red dashed line in C and D separates two 

analyzed regions. 

 

 

In particular, concerning the PicroSirius Red staining, the ROI extracted from the analyzed 

image (Figure 38C) and highlighted by a red rectangle in the biopsy (Figure 38A) reveals 

clear discrepancies in the color content of the cells cytoplasm, which is orange from the 

center to the lower part of the image, while it is yellow in the upper part. As a consequence, 

a common color-based threshold is not effective in this case to perform an accurate semantic 

segmentation of the biological structures. The stain normalization results obtained through 

Φ-Norm are shown in Figure 38B. After the normalization procedure, the yellow color 

related to the cytoplasmatic region is uniform through the entire sample. These 
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considerations are also qualitatively proved  in the zoomed region reported in Figure 38D, 

where the discrepancies of color content between the upper and the lower part of the image, 

separated by a red dashed line, are clearly reduced. In order to provide a quantitative 

description of the obtained color normalization, the cells cytoplasm  has been manually 

segmented by an expert in Figure 38C and Figure 38D. The mean intensities of the red, 

green and blue channels have been computed for the lower and upper areas of the two 

considered patches, obtaining the values [0.79 0.59 0.42] and [0.84 0.71 0.33] for the non-

normalized ROI, while [0.82 0.78 0.26] and [0.86 0.83 0.28] after Φ-Norm. In order to 

better quantify the color normalization provided by the application of Φ-Norm, the CMD 

parameter between the mean color values of the upper and lower part of both patches has 

been computed. In particular, CMD = 0.16 for the non-normalized ROI (Figure 38C), while 

CMD = 0.07 after the application of Φ-Norm (Figure 38D), demonstrating that the color 

discrepancy of the cells cytoplasm in the upper and lower region of the patch has been 

reduced by more than 55%. 

 

 

Figure 39: Application of the Φ-Norm method to an exemplary H&E whole slide image. 

Panel A shows the analyzed image (1.3x1.8 mm
2
), while B reports the results of the Φ-Norm 

method. Panel C is the whole slide sample which has been exploited as reference (1.7x4.1 

mm
2
). 

 

 

Regarding the Φ-Norm application to the H&E staining, a qualitative assessment of the 

normalization results provided by the proposed method (Figure 39B) confirms that both the 
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color expressions of nuclei and cytoplasm (dark blue and violet) are similar to the reference 

image (Figure 39C). Similarly to the PicroSirius Red experimental scenario, the CMD 

parameter has been computed between the reference and the normalized image for the 

cytoplasm (CMD = 0.06). In this case, the color discrepancy has been reduced by more than 

80%. 

 

The analysis performed demonstrated that Φ-Norm is the most suitable method among the 

investigated approaches to be coupled with AI-based techniques. Indeed, it showed the best 

CMD values for both H&E and SR stained biopsies. Moreover, Φ-Norm can effectively 

improve the diagnosis clinical routine since it is a fully automatic pipeline and can be 

applied to whole-slide sections by pathologists with standard computational knowledge. In 

this context, the computational time needed to apply Φ-Norm for a single whole-slide image 

is lower than 5 minutes, if a standard computer is exploited. As a consequence, more than 

300 samples could be normalized and then evaluated each day by the expert. Furthermore, 

the application of Φ-Norm improves the accuracy of the expert analysis since color artifacts 

due to the experimental staining procedures are strongly reduced. 
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7. SuperµMAPPS: a novel tool to investigate collagen micro-

architecture 

The aim of this chapter is to demonstrate that the SuperµMAPPS algorithm is a reliable and 

robust tool to provide accurate analysis of the collagen micro-architecture, without the need 

of image preprocessing protocols and computational expertise since it is a fully automated 

approach. In particular, a detailed description of the SuperµMAPPS architecture is provided 

in the following. Then, in order to validate the proposed approach and provide its complete 

characterization, SuperµMAPPS has been applied to synthetic P-SHG images by simulating 

different acquisition conditions. During this analysis, the method accuracy has been 

evaluated in terms of Mean Absolute Error (MAE): 

 

𝑀𝐴𝐸 =  
1

𝑁
 ∑𝑁

𝑖=1 |𝑉𝑖(𝑟𝑒𝑡) −  𝑉𝑖(𝑡𝑟𝑢𝑒)|             (35) 

 

where N is the number of measurements, Vi(ret) and Vi(true) are the retrieved and the expected 

parameter values, respectively. The handling of the noise effect performed by 

SuperµMAPPS on the phasor space has been  compared with two different denoising 

procedures: 1) NOISE2VOID (Krull et al. 2020), which is a neural network acting on the 

image plane and devoted to the mitigation of white Gaussian noise, and 2) an iterative 

median filter-based denoising method acting on the phasor (g,s) coordinate matrices Gmap 

and Smap,  (Cutrale et al. 2017; the elements of these matrices are the real and imaginary 

parts of the DFT applied to the P-SHG spectra, as computed through Eq. 5). Briefly, 

NOISE2VOID is a U-Net Neural Network-based method devoted to image denoising. 

Differently from many other neural network-based denoising approaches, NOISE2VOID is 

directly trained on the experimental data, without the need of clean target images: this 

property is crucial in the biomedical field since the acquisition of a huge amount of training 

data is often not possible. Due to its architecture, NOISE2VOID is not suitable to analyze 

structured noise since it violates the assumption of pixelwise independence. 
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SuperµMAPPS has been applied in simple experimental conditions to analyze the P-SHG 

images of murine tendons, whose collagen architecture is simple and well-defined. 

Furthermore, the effect of preprocessing denoising procedures on the SuperµMAPPS 

retrieving has been investigated: the same images have been processed by exploiting 

NOISE2VOID neural network (batch size 48x48, 100 epochs) to decrease the noise 

affecting each acquired signal and the results provided by SuperµMAPPS have been 

compared with the parameters extracted without the application of denoising methods. 

Moreover, images related to human tissue samples (breast carcinoma, skin tissue, thyroid), 

acquired by a different laboratory and stored in the PSHG-TISS public repository (Hristu et 

al. 2022), have been processed. In this case, SuperµMAPPS results have been compared 

with the outputs of standard fitting procedures. Finally, SuperµMAPPS has been applied in a 

real clinical context in order to demonstrate its capability in providing collagen-related 

features able to recognize samples characterized by early-stage breast carcinoma. In this 

case, patches of human breast biopsies characterized by three different tumor growth stages 

(Normal Terminal Ductal-Lobular Units – Normal TDLU, which is the healthy tissue, early 

stage and invasive tumorous stage) have been extracted from the PSHG-TISS and analyzed, 

demonstrating the capability of SuperµMAPPS to highlight early stage tumorous tissue, 

hardly detected by histopathologists during the semi-quantitative analysis of stained 

biopsies. 

 

7.1 SuperµMAPPS algorithm 

Method overview       

SuperµMAPPS (SUPERvised Microscopic Multiparametric Analysis by Phasor projection 

of Polarization-dependent SHG) builds on the idea of i-𝜑-MaLe algorithm to analyze the P-

SHG signal and provide quantitative parameters describing the collagen micro-architecture 

in biological tissues. Differently from the Rapp spectra analyzed by i-𝜑-MaLe, characterized 

by hundreds of experimental points, the P-SHG signal is composed by 10-20 points. As a 
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consequence, considering that i-𝜑-MaLe provides optimal results by analyzing more than  

50 different spectral windows composed by at least 10 experimental points (Section 5.2 for 

further information), the application of the same statistical-based approach is not anymore 

possible, due to the lack of experimental data. 

In this scenario, SuperµMAPPS has been devised to overcome this problem, providing 

reliable retrievals of parameters characterizing the collagen microarchitecture through the 

analysis of  P-SHG spectra composed by only 6  points (Section 7.3).  

 

Architecture 

A schematic of the method is provided in Figure 40. 

 

Figure 40.  Schematic of the SuperµMAPPS method. (A) A P-SHG spectrum and two 

related permutations are projected in different phasor plots (reported in B) by applying the 

DFT on the entire function. A supervised ML algorithm associates the θF and γ parameters 

values of the P-SHG spectra to the projected points in the phasor plane, shown here color-

coded for θF in B and γ in C. This procedure is repeated for each P-SHG spectrum in the 

training dataset, obtaining the reported distributions. Panels (D)-(F) sketch  the retrieving 

procedure for three different phasor plots originated by the three different permutations 

showed in A. The algorithm assigns to the unknown test point (in black) the θF and γ values 

corresponding to the trained point with the highest occurrence and distance scores, as 

already detailed in Section 5.1 (Figure 13). 

 

Similarly to i-𝜑-MaLe, SuperµMAPPS has been trained by means of a set of simulated 

functions. In this case, more than 35000 simulated P-SHG spectra have been obtained 

through Eq. 24 while varying the θF parameter from 0° to 180° in steps of 1° and γ from 

1.04 to 3.00 in steps of 0.01. Then, SuperµMAPPS computes the DFT of each entire P-SHG 
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spectrum (IPSHG) of the training dataset in the interval [θLs θLf], obtaining on the phasor plot a 

distribution of points (Figure 40B and Figure 40C), whose coordinates are:  

 

𝑔 (𝑘) =
∑

𝜃𝐿𝑓
𝜃𝐿𝑠

𝐼𝑃𝑆𝐻𝐺(𝜃𝐿)𝑐𝑜𝑠(𝜔𝑘𝜃𝐿)

∑
𝜃𝐿𝑓
𝜃𝐿𝑠

𝐼𝑃𝑆𝐻𝐺(𝜃𝐿)
                     𝑠 (𝑘) =

∑
𝜃𝐿𝑓
𝜃𝐿𝑠

𝐼𝑃𝑆𝐻𝐺(𝜃𝐿)𝑠𝑖𝑛(𝜔𝑘𝜃𝐿)

∑
𝜃𝐿𝑓
𝜃𝐿𝑠

𝐼𝑃𝑆𝐻𝐺(𝜃𝐿)
            (36) 

 

 

Each point on the phasor plot can be color-coded for the θF or γ values originating the P-

SHG spectrum, as shown in Figure 40B and Figure 40C. 

In this case, differently from i-𝜑-MaLe, multiple phasor plots are obtained by computing the 

DFT of different permutations of the original P-SHG spectrum. In every new phasor plot, 

each training dataset spectrum is projected after being modified by means of the same 

permutation function. As a consequence, if N experimental points characterize the analyzed 

P-SHG signal, a total of N! phasor plots can be obtained: this approach guarantees a 

sufficient number of phasor plots to apply the same statistical-based retrieving procedure 

exploited by i-𝜑-MaLe. Indeed, 10 experimental points, commonly acquired during standard 

P-SHG signal acquisition procedures, are able to originate more than 3.5 millions different 

phasor plots. Validation procedures highlighted that only few hundreds phasor plots are 

needed to obtain reliable results (Figure 40 of Section 7.2 for further information).  

Similarly to i-𝜑-MaLe, SuperµMAPPS automatically takes into account the noise 

characterizing each experimental measurement by considering, during the retrieval phase, an 

uncertainty circle around the projected point with a radius inversely proportional to the SNR 

value (Cutrale et al. 2017). In particular: 

1- A circle with radius r, centered around the test point (black dot in Figures 39D-F), is 

considered in each phasor space. 

2- Each training dataset point inside the circle is associated to two different scores, the 

Occurrence score Occ and the Distance score D, computed through Eq. 27. 
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3- The algorithm associates to the test spectrum the single parameter couple 𝑃𝑇={θF, γ} 

corresponding to the training point with the highest Occ score. In case of tie, the 

algorithm selects the values corresponding to the nearest point among those with the 

same occurrence. If a tie is reached also for D, the algorithm computes their mean value. 

 

7.2 Method validation and analysis of synthetic images 

SuperµMAPPS performances have been characterized by estimating the retrieval accuracy 

of both θF and γ parameters and by quantifying the computational time of the training and 

test phases (Figure 41). In particular, a total of 10000 simulated P-SHG spectra have been 

exploited as test set, with the θF and γ values randomly extracted from the same intervals 

used to create  the training dataset, which is instead composed by more than 35000 

simulated P-SHG spectra obtained by varying the θF parameter from 0° to 180° in steps of 

1° and γ from 1.04 to 3.00 in steps of 0.01. Concerning the polarization angle θL, each 

training spectrum is composed by 18 points, simulated in the range [0° 180°] in steps of 10°. 

 

Figure 41: SuperµMAPPS hyperparameters characterization. The method accuracy has 

been quantified in terms of MAE for both θF (A) and γ (B). An increasing noise (SNR = [50 

500]) and a different number of permutations ([50 10000]) have been considered during the 

analysis. C reports the computational time characterizing the training (black dots) and the 

test (red dots) phases for an increasing number of permutations ([50 1000]). In D and E the 

MAE has been reported for different intervals of θF and γ values, respectively. θF MAE has 
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been estimated in the range [0° 180°], divided in 5 steps of 36°, while γ MAE has been 

quantified in the range [1.04 3.00], divided in 5 steps of 0.4. 

 

As shown in Figure 41A for θF and Figure 41B for γ, the retrieval accuracy has been 

estimated in terms of MAE (Eq. 35). The analysis has been performed by considering 

different algorithm configurations characterized by a varying number P of permutations, 

which is the only hyperparameter of SuperµMAPPS. For each configuration, the retrieval 

accuracy has been also investigated in dependence of an increasing noise affecting the test 

spectra. As expected, for a fixed number of permutations, both θF and γ MAEs increase if 

the analyzed spectra are affected by a higher noise. However, even if  few permutations are 

considered (< 100), the mean MAE characterizing SuperµMAPPS is < 3° for θF and < 0.3 

for γ. Moreover, for P > 250, the  θF and γ accuracies are almost constant: 0.6° ± 2.0° and 

0.10 ± 0.09 for SNR = 100, respectively. These considerations demonstrate that only 6 

different values of θL have to be experimentally acquired for each P-SHG signal since, in 

this condition, a total of 6! = 720 permutations can be computed, allowing a reduction of the 

data acquisition time. Furthermore, the retrieval accuracy of θF and γ is uniform in the whole 

value intervals [0° 180°] and [1.04 3.00], as highlighted in Figure 41D and Figure 41E 

respectively. The computational time characterizing both the training and test phases 

(Figure 41C) scales linearly while increasing the number of permutations. For 500 

permutations, where the retrieving errors for both θF and γ already reached a low value (0.6° 

± 2.0° and 0.10 ± 0.09 for SNR = 100, respectively), a single P-SHG spectrum is analyzed 

in only ~ 6 ms. 

Since experimental images are characterized by noise, a proper description of the 

SuperµMAPPS performances in these conditions has to be addressed. At the state of the art, 

many algorithms have been developed in order to reduce the noise contribute, as 

NOISE2VOID (Krull et al. 2020), which exploits neural networks, or an iterative median 

filter-based denoising method acting on the phasor (g,s) coordinate matrices Gmap and Smap 

(Cutrale et al. 2017). Unfortunately, these denoising methods exploit the spatial information, 

assuming that contiguous pixels are characterized by similar values. Experimentally, this 
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assumption is not always true and can lead to the presence of artifacts. The following 

analysis is devoted to demonstrate that SuperµMAPPS takes into account the noise 

contribution directly in the phasor space, avoiding the artifacts caused by a priori 

considerations concerning the pixels spatial information. In order to verify this statement, 

two different synthetic images, affected by white Gaussian noise, have been analyzed.  

The first P-SHG image series, composed of 50x50 pixels, represent a simple scenario where  

each pixel has been associated to the same P-SHG function (Eq. 24) composed of 18 

equidistant points in the range [0° 180°] (ΔθL = 10°), with θF = 60° and γ = 1.7.  In this 

image, the spatial information regarding the pixels is not able to introduce artifacts since 

they contain the same P-SHG signal. At first, SuperµMAPPS has been applied with 500 

permutations to retrieve the (g,s) coordinates related to the θF and γ variables without any 

denoising algorithm (Figure 42, in red). Then, the same quantification has been performed 

by applying NOISE2VOID (Figure 42, in green) or a 5 iterations median filter (Cutrale et 

al. 2017, Figure 42 in blue) to the synthetic images before retrieving the (g,s) coordinates. 

 

 

Figure 42: Results concerning the synthetic image characterized by the same P-SHG 

spectrum in each pixel. Panel A shows the distribution of the P-SHG spectra projection  (θF 

= 60° and γ = 1.7 in each pixel) for the entire image for SNR = 100 while SuperµMAPPS is 

applied (red), after the application of the NOISE2VOID algorithm on the image (green) and 

after the exploitation of the median-based filter method (blue). Panel B reports the mean 

diameter of the points distribution in dependence of the SNR value. C and D report the MAE 

corresponding to θF and γ, respectively, related to the (g,s) coordinates retrieved through 

SuperµMAPPS (red), through the DFT computation following the application of 

NOISE2VOID (green) and by applying the median-based filter method on the (g,s) 

coordinates obtained by applying the DFT (blue). 

 

For every algorithm configuration, the error associated to θF and γ grows for decreasing 

values of SNR, as theoretically expected. Generally, the application of denoising methods 
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lead to slight better results in terms of retrieval accuracy. Indeed, for SNR = 25, 

SuperµMAPPS method is characterized by a MAE of 1.0 ± 0.7 for θF (Figure 42C), while 

the application of NOISE2VOID or the exploitation of the median filter lead to a slight 

decrease of MAE (0.9 ± 0.6 and 0.8 ± 0.4, respectively). This effect is due to the reduced 

dimension of the diameter of the projected spectra distribution on the phasor plot (Figure 2, 

Section 1.2) However, for SNR >= 250, the three methods have similar accuracies, even if 

the computational time needed for the denoising pre-processing is avoided by applying 

SuperµMAPPS. 

The results regarding a second synthetic P-SHG  image of 50x50 pixels, representing a more 

complex non-uniform pattern resembling experimental data, are reported in Figure 44. In 

this case, each pixel is characterized by a different P-SHG signal simulated with SNR=100 

and with the θF and γ values color-coded as in Figure 43. In this scenario, contiguous pixels 

are not always characterized by the same parameter values as before, leading to artifacts if 

the spatial information is considered by the exploited pipeline and denoising methods. 

 

 

Figure 43: Color-coded maps of θF and γ parameters in the non-uniform synthetic image. 

Panel A shows the θF values distribution in the range [30° 170°], while Panel B reports the 

γ distribution with values in the interval [1.00 2.10]. For black pixels  θF = 0° and γ = 0. 

 

In particular, the vertical bands in Figure 43A are characterized by θF values varying 

between 30° and 170° with γ = 1.60, while in Figure 43B γ varies in the range [1.00 2.10] 

with  the θF distribution shown in Figure 43A. Since both the investigated denoising 

methods act during the pre-processing phase (NOISE2VOID modifies the P-SHG signal, 

while the median  filter is applied to the Gmap and Smap matrices) and the aim of this analysis 
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is the quantification of the artifacts caused by these approaches compared to  

SuperµMAPPS, the performance evaluation has been quantified through  the Gmap and Smap 

image spaces. 

The true Gmap and Smap, associated to the synthetic P-SHG image, are reported in Figure 

44A and Figure 44H respectively. These images have been considered the Ground Truth, as 

they are obtained by pixelwise computing the DFT of the simulated P-SHG spectra not 

affected by noise. These images have been compared with the Gmap and Smap obtained by 

computing the DFT of the noisy synthetic image (SNR = 100) after the application of 

NOISE2VOID (Figure 44D and Figure 44K), Moreover,  Figure 44C and Figure 44J  

report the G and S matrices obtained by DFT transforming the noisy P-SHG functions and 

after applying the median-based method (1 iteration). Concerning SuperµMAPPS 

performance evaluation, the corresponding Gmap and Smap (Figure 44B and Figure 44I, 

respectively) have been obtained by pixelwise estimating  θF and γ  from the noisy image 

and by computing the DFT of the P-SHG spectra simulated (Eq. 24) by exploiting the 

extracted parameters. 

 

 

Figure 44: Analysis of the non-uniform synthetic image in terms of Gmap and Smap. Panels 

A and H show the Gmap and Smap obtained by pixelwise computing the DFT of the simulated 

P-SHG signal The Gmap and Smap related to the PSHG spectra characterized by the θF and γ 

values extracted through SuperµMAPPS, NOISE2VOID and median filter-based pipeline 

are reported in Panels B and I, Panels C and J and Panels D and K, respectively. The 

absolute error, computed pixelwise, between the true simulated  Gmap and Smap (Panels A 
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and H) and the retrieved values are reported in Panels E and L (SuperµMAPPS),  Panels F 

and M (NOISE2VOID) and in Panels G and N (median filter).  

 

The absolute error has been computed pixelwise between the Gmap and Smap retrieved by 

each procedure and the corresponding true simulated values. These results have been 

provided in Figure 44E and Figure 44L for the Gmap and Smap associated to SuperµMAPPS, 

in Figure 44F and Figure 44M for the median filter-based denoising method and in Figure 

44G a Figure 44N for the pipeline involving NOISE2VOID. In this scenario, 

SuperµMAPPS outperforms the other approaches in terms of accuracy: indeed, the 

application of denoising procedures introduced many artifacts, which affect the retrieving of 

θF and γ since they are directly derived from the (G, S) coordinates. In particular, the 

absolute error associated to each pixel is < 0.01 for both Gmap and Smap, while NOISE2VOID 

is characterized by discrepancies > 0.04. The worst performance is obtained after  the 

median filter-based denoising, whose differences between the retrieved and the expected 

(g,s) values are > 0.10 in the boundaries regions, where close pixels are characterized by 

different simulated P-SHG functions . This effect is due to the fact that both NOISE2VOID 

and the median filter act by averaging parameters in close pixels, therefore altering their 

values. Furthermore, this analysis also demonstrates that SuperµMAPPS intrinsically applies 

a  denoising procedure acting directly on the phasor plot by considering an uncertainty circle 

around the projected point whose radius is inversely proportional to noise. As a 

consequence, even if SuperµMAPPS has a lower denoising effect than the other investigated 

procedures (as shown in Figure 42), the spatial relation among pixels is not involved, 

avoiding artifacts in the retrieved Gmap and Smap images. 

7.3 Experimental Data Analysis 

7.3.1 Experimental Images Acquisition 

Here, SuperµMAPPS has been applied in simple experimental conditions to analyze the P-

SHG images of murine tendons, whose collagen architecture is simple and well-defined. 
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These images have been acquired by means of the same two-photon microscopy-based 

optical setup exploited by Radaelli and colleagues (Radaelli et al. 2017) and the collagen P-

SHG signal has been acquired by rotating the incident laser polarization from 0° to 180° in 

steps of 10°. In this case, in order to reduce the noise affecting the experimental 

measurement, the images have been downsized from 512x512 to 256x256 pixels. Moreover, 

only pixels characterized by a signal threshold higher than 150 for each point of the P-SHG 

curve have been considered and analyzed. Then, images related to human tissue samples 

(breast carcinoma, skin tissue, thyroid), acquired by a different laboratory and stored in the 

PSHG-TISS public repository (Hristu et al. 2022), have been processed. In this case, the P-

SHG signal coming from different human tissue samples (breast carcinoma, skin tissue, 

thyroid) have been acquired in both forward and backward directions by exploiting a three-

channel Leica TCS SP laser scanning confocal microscope adapted for nonlinear imaging. 

The incident laser polarization angle θL has been changed from 0° to 180° with a step of 20°. 

Detailed information concerning the acquisition setup have been reported by Hristu and 

colleagues (Hristu et al. 2022). 

7.3.2 Murine tail tendon samples analysis  

 
A preliminary analysis of the SuperµMAPPS performances on experimental data has been 

conducted on P-SHG images of murine tail tendon samples. Here, SuperµMAPPS results 

have been compared with the standard pixelwise fitting procedure, which is widely 

exploited in literature (Tsafas et al. 2020, Paun et al. 2019, Xydias et al. 2021). The results 

are reported in Figure 45.  
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Figure 45: Analysis of a murine tail tendon image. Panel A shows the maximum intensity 

projection of the acquired P-SHG image stack. Image size: 225x225µm
2
 (256x256 pixels). B 

and D are the colormaps referred to the θF and γ values pixelwise retrieved by 

SuperµMAPPS. The color codes for the θF and γ values, whose normalized distributions are 

reported in panels F and G, respectively. Panels C and E represent the colormaps referred 

to the θF and γ values pixelwise retrieved by the standard fitting procedure, while the 

related normalized distributions are shown in panels H and I. Scale bars: 30µm. 

 

Both the colormaps (Figure 45B-E) and the histograms (Figure 45F-I) highlight that 

SuperµMAPPS and the standard fitting method (Eq. 24) retrieve similar distributions for θF 

and γ. In particular, the θF values show two main peaks around 45°-50° and 95°-100°, 

highlighting different fibrils alignments (Figure 45A, Figure 45B and Figure 45C). 

Concerning γ, the similarity of the two distributions (Figure 45G and Figure 45I) is also 

demonstrated by their fit with a Gaussian function peaked at 1.36 ± 0.17 (SuperµMAPPS) 

and at 1.39 ± 0.22 (standard fitting method). Both results are compatible with the expected 

value γ=1.3 for type I collagen. 

 

Then, a second analysis has been performed on the same murine tail tendon sample in order 

to investigate the effect of NOISE2VOID on experimental data. Due to its poor 

performances on the synthetic images, the median-based filter technique has not been 

exploited in this context. NOISE2VOID produces a smoothing effect that can be observed 

by a comparison between Figure 45A and Figure 46A, reporting the maximum intensity 

projection of the analyzed image before and after the application of the denoising method. 
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Figure 46: Analysis of a murine tail tendon P-SHG image stack after applying 

NOISE2VOID. Panel A shows the maximum intensity projection of the acquired P-SHG 

image stack . Image size: 225x225µm
2
 (256x256 pixels). B, D are the colormaps referred to 

the θF and γ values pixelwise retrieved by SuperµMAPPS after NOISE2VOID. The color 

codes for the θF and γ values, whose normalized distributions are reported in panels F and 

G, respectively. Panels C and E represent the colormaps referred to the θF and γ values 

pixelwise retrieved by the standard fitting procedure after NOISE2VOID, while the related 

normalized distributions are shown in panels H and I. 

 

From a qualitative perspective, by observing Figures 46 B-E, SuperµMAPPS appears to be 

more affected by the denoising pre-processing if compared to the standard fitting, as 

quantitatively demonstrated also by the θF and γ values distribution histograms (Figures 46 

F-I). Indeed, concerning the fitting approach, the two peaks around 45°-50° and 95°-100° 

characterizing the θF distribution are preserved and the γ distribution is peaked at 1.46 ± 

0.23, which is not significantly different if compared to the results without NOISE2VOID. 

Regarding SuperµMAPPS, the γ distribution is sharper and peaked around 1.24 ± 0.08, 

compatible with the expected results (Figure 46G). However, the θF histogram is 

characterized by two main peaks shifted at 50°-55° and 85°-90° with also a third 

contribution around 105° (Figure 46F). This is probably due to the conflict between the 

denoising procedure of NOISE2VOID and the retrieval phase of SuperµMAPPS. Indeed, 

NOISE2VOID has been developed to mitigate the effect of white Gaussian noise and it is 

not effective on structured signals since it modifies the shape of the spectrum (Krull et al. 

2020). Unfortunately, SuperµMAPPS is very sensitive to slight modifications of the 

analyzed spectrum shape, leading to discrepancies in the parameters retrieving. 
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7.3.3 Comparison with fitting results on human tissue samples  

  
Since the purpose of SuperµMAPPS is providing an effective alternative to the standard 

PSHG signal analysis, based on fitting procedures, a proper comparison between the results 

obtained by these two methods has to be provided. In order to accomplish this task, the 

public repository PSHG-TISS (Hristu et al. 2022) has been exploited. In PSHG-TISS, 240 

P-SHG image stacks of 512x512 pixels are collected from different human tissue samples, 

as reported in Table 6. A total of 30 images have been analyzed by means of 

SuperµMAPPS. In particular, 5 different samples have been processed for 6 clinical cases: 

1) H&E-stained normal breast TDLU, 2) H&E-stained in situ breast carcinoma, 3) H&E-

stained skin reticular dermis, 4) unstained skin reticular dermis, 5) thyroid papillar 

carcinoma and 6) thyroid follicular adenoma. 

 

 

Table 6: Tissue types and classification of the 240 images in the PSHG-TISS repository. 
The online archive contains three different tissue categories: breast, skin and thyroid. For 

the breast tissue, samples describing three different growth stages of carcinoma are 

provided, while the thyroid images are related to a malignant (carcinoma) and a benignant 

tumor (adenoma). Concerning the skin, regions of papillary dermis, reticular dermis and 

subcutaneous tissue are collected. 

 

For each case, the PSHG-TISS repository provides different maps of parameters 

characterizing the P-SHG signal, obtained by applying the fitting procedure based on Eq. 
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25. Since SuperµMAPPS estimates the θF and γ values described in Eq. 24, the γ maps 

related to the fitting procedure (Figure 48 G-L) have been obtained by pixelwise computing 

the ratio χ33/χ31, while θF maps (Figure 47 G-L) are already provided by the repository. 

These values have been compared to SuperµMAPPS results in Figure 47 A-F and Figure 

48 A-L for θF  and γ, respectively. In this scenario, SuperµMAPPS have been applied by 

exploiting 6 experimental points and 500 permutations since it guarantees reliable retrievals, 

as previously demonstrated (Figure 41). Table 7 reports the mean difference between the 

estimated quantities, in terms of absolute value,  obtained for θF and γ in each considered 

case.  

 

  

Figure 47: Exemplary θF maps obtained by exploiting SuperµMAPPS (A-F) or the fitting 

procedure (G-L) for different tissues  in the PSHG-TISS repository. The couples A, G and 

B, H show the results obtained by analyzing an H&E-stained normal breast TDLU and an 

H&E-stained in situ breast carcinoma sample, respectively. Panels C, I and D, J are 

referred to H&E-stained and unstained skin reticular dermis, while panels E, K and F, L 

report the θF values obtained by analyzing a thyroid papillar carcinoma and a thyroid 

follicular adenoma sample, respectively. 

 

In particular, for each analyzed tissue, the mean discrepancy between the γ values obtained 

by SuperµMAPPS and the fitting approach is in the range [0.2 0.3]. Regarding the θF 

parameter, higher differences in the fibrils orientation angles provided by SuperµMAPPS 

and the fitting method are retrieved  in the skin tissue (~ 6°-7°), while only ~ 3°-4° of 

discrepancy are obtained for thyroid and breast tissues. Moreover, the analysis of stained 
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and unstained skin tissues shows no significant differences, as already demonstrated in the 

literature (Hristu et al. 2021). 

 

Figure 48: Exemplary γ maps obtained by exploiting SuperµMAPPS (A-F) or the fitting 

procedure (G-L) for different tissues  in the PSHG-TISS repository. The couples A, G and 

B, H show the results obtained by analyzing an H&E-stained normal breast TDLU and an 

H&E-stained in situ breast carcinoma sample, respectively. Panels C, I and D, J are 

referred to H&E-stained and unstained skin reticular dermis, while panels E, K and F, L 

report the γ values obtained by analyzing a thyroid papillar carcinoma and a thyroid 

follicular adenoma sample, respectively. 

 

This analysis demonstrates that SuperµMAPPS could effectively replace the fitting 

procedures, which are user-dependent and characterized by higher computational costs, to 

analyze experimental data in clinical contexts. 

 

Table 7: Mean discrepancies between the θF and γ values provided by SuperµMAPPS and 

the fitting approaches, computed for different tissues. Each result has been obtained by 

computing the mean value of the parameter differences extracted pixelwise from 5 images 

for each  different clinical case. 
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7.3.4 Detection of early stage breast cancer from human samples  
 

Finally, SuperµMAPPS has been tested in a clinical context to provide data useful to assist 

pathologists in obtaining an early tumor diagnosis. In order to reach this purpose, 47 patches 

of human breast biopsies (512x512 pixels) have been extracted from the PSHG-TISS public 

repository (Hristu et al. 2022). In particular, 18 images are classified as normal TDLU 

(healthy), while 12 and 17 patches refer to early stage in situ carcinoma and invasive 

carcinoma, respectively. In each image, a density-based clustering technique (Rodriguez et 

al. 2014) has been applied to the θF and γ results retrieved by SuperµMAPPS and the Fibrils 

Entropy (FE) parameter (Scodellaro et al. 2019) has been computed on the obtained clusters 

as follows: 

 

𝐹𝐸 =  
− ∑𝑁

𝑖=1 𝑝𝑖 𝑙𝑜𝑔 (𝑝𝑖)

−𝑙𝑜𝑔 (
1

𝐸𝐶
)

=  
− ∑𝑁

𝑖=1
𝑥𝑖
𝐸𝐶

 𝑙𝑜𝑔 (
𝑥𝑖
𝐸𝐶

)

−𝑙𝑜𝑔 (
1

𝐸𝐶
)

 (37) 

 

where pi is the probability of occurrence of the i-th cluster measured as the ratio between the 

number of elements in the i-th cluster and the total number of clustered elements EC, and N 

is the total number of clusters. For a perfectly ordered microstructure, a single cluster, N = 

1, and pi = 1 are expected, therefore FE = 0. For a maximally disorder microstructure, 

instead, N = EC, and pi = 1/N are expected. In this case, FE = 1. 

The distributions of the FE values and of the total number of clusters for healthy, early stage 

and invasive carcinoma stages have been reported in Figure 49A and in Figure 49B, 

respectively. The clustering method has been applied by considering a density threshold of 

10% for θF and γ (it means that cluster centroids are expected to have at least the 10% of the 

data in their neighborhood in both θF and γ feature spaces), and by removing the clusters 
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characterized by few elements ( < 2% of the analyzed image pixels). A two samples t-test 

analysis has been performed to highlight differences between the healthy and tumorous 

distributions. 

 

Figure 49: t-test results of the SuperµMAPPS analysis performed on human breast 

cancer samples. The distributions of the Fibrils Entropy and the number of clusters for 

healthy (green), early stage (orange) and invasive (red) human breast carcinomas are 

reported in panels A and B, respectively, both in scatterplot (right) and in boxplot (left) 

format. A density threshold of 10% for θF and γ has been considered during the clustering 

procedure. The black dot represents the mean value of each distribution, while the bars 

highlight the standard deviation. P-values: * < 0.05, ** < 0.01, *** < 0.001. 

 

As highlighted in Figure 49B, no significant differences have been detected for the number 

of clusters distribution. Conversely, the t-test analysis underlined a significant discrepancy 

between the FE values related to the healthy and breast cancer regions. In particular, a p 

value < 0.01 has been detected between the healthy and the early stage distributions, while a 

p value < 0.05 has been computed between the healthy and the invasive tumor biopsies FE 

values. These results demonstrate the capability of SuperµMAPPS to successfully identify 

early stage tumor development. Moreover, the results, which show a more ordered collagen 

microstructure (i.e. a lower entropy value) for tumor biopsies, are compatible with previous 

studies (Wu et al. 2018). Other clustering configurations have been analyzed while varying 

the density threshold from 2% to 20% and by fixing the dimension of the smallest cluster to 

2% (as recommended by the developers, Rodriguez et al. 2014), as reported in Figure 50.  
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Figure 50: t-test results of the SuperµMAPPS analysis performed on human breast 

cancer samples by varying the clustering configurations. The distributions of the Fibrils 

Entropy and the number of clusters for healthy (green), early stage (orange) and invasive 

(red) human breast carcinomas are reported both in scatterplot (right) and in boxplot (left) 

format for each configuration. In panels A and D, a density threshold of 2% for θF and γ 

have been considered during the clustering procedure. Different thresholds have been 

selected for panels B and E (5%) and panels C and F (20%). The black dot represents the 

mean value of each distribution, while the bars are associated to their standard deviation. 

P-values: * < 0.05, ** < 0.01, *** < 0.001. 

 

Opposite to the number of clusters, FE values show significant discrepancies between 

healthy and tumor regions for density thresholds between 5% and 20% (Figure 50B and 

Figure 50C). This characterization demonstrates the robustness of the proposed approach 

since the significance of the FE value in detecting early tumor stage is not affected by 

minimal changes of the clustering hyperparameters. Moreover, the number of clusters is not 

suitable to perform tissue classification for any clustering configuration (Figures 50E and 

Figures 50F). 
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8. Discussion and Future Perspectives 

During my PhD project, I developed three different algorithms based on the coupling of the 

standard phasor approach with different machine learning techniques. For the first time, the 

phasor approach has been successfully coupled to supervised machine learning-based 

protocols to perform regression tasks, paving the way for novel applications of this method. 

Differently from the most recent applications of the phasor approach (Vallmitjana et al. 

2021), which implement simple clustering procedure in the phasor space, the proposed 

pipelines are trained to associate to each coordinate (g,s) of the phasor plot a set of values 

which reflect one of the possible combination of the involved parameters describing the 

shape of the analyzed spectrum. This goal has been achieved by exploiting a huge training 

set based on numerical models, able to include a wide range of parameters configurations 

affecting the shape of the analyzed signal. Indeed, each proposed algorithm is a general 

pipeline of spectra/signal analysis that can be easily extended to other applications, under 

the condition that the aim of the analysis is the retrieving of parameters whose values 

modify the shape of the functions analyzed by the phasor approach.  Moreover, another 

crucial novelty of the three proposed approaches concerns the handling and evaluation of 

noise affecting the experimental measurements, as highlighted in the following. 

 

Concerning i-φ-MaLe, this algorithm has been developed to simultaneously and consistently 

retrieve different biophysical parameters, full F spectra, fluorescence corrected for 

reabsorption and fluorescence quantum yield by exploiting the DFT of the Rapp spectrum. 

The validation and the retrieving accuracy quantification of i-φ-MaLe has been performed 

by exploiting a detailed analysis, involving every hyperparameter characterizing the method 

(spectral windows width, number of exploited phasor planes, size of the dataset), white 

noise usually affecting experimental data, and the estimation of seasonal and daily trends of 

each biophysical and F parameter on two widely exploited benchmarks: crops from the top 

of canopy level and a deciduous forest from tower observations. i-φ-MaLe represents a 

crucial novelty in the remote sensing field, as biophysical parameters and full F spectra are 
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retrieved simultaneously for the first time. The robustness of the algorithm is assured by the 

set of simulations exploited to build the training dataset, which is based on the most recent 

and well-known atmosphere-canopy radiative transfer model MODTRAN+SCOPE. 

However, also the accuracy between the retrieved values and the experimental 

measurements depends on the effective representativity of MODTRAN+SCOPE pipeline for 

the investigated canopy. As a consequence, other canopy-related quantities, as the Leaf 

Inclination Distribution Function (LIDF), have to be properly set to improve the capability 

of i-φ-MaLe to analyze different types of vegetation. However, the same consideration can 

be extended to the state-of-the-art model inversion methods (Celesti et al. 2018, Verhoef et 

al. 2019), devoted to the analysis of Rapp spectra. Moreover, the i-φ-MaLe accuracy tested 

on radiative transfer simulations is comparable with other fluorescence retrieval methods: it 

is slightly lower for F760 (RRMSE=1% vs. RRMSE=0.5% for SpecFit) and larger for F687 

(RRMSE=1% vs. RRMSE=2% for SpecFit). Concerning the algorithm computational cost, 

the overall time is about 3 ms per spectrum even for the largest size of the training data set 

used here (200000 points) on a 16 core CPU, 128 GB RAM machine. Such a reduced value 

of CPU time would allow to implement the parameter retrieval online during the Rapp 

acquisitions that are typically sampled at several minutes cadency. This paves the way to the 

possibility to increase the complexity of i-φ-MaLe, for instance by exploiting the more 

accurate 3D radiative transfer models for the training dataset implementation. ML 

approaches to the analysis of spectral data from vegetation have been reported in the 

literature (Verrelst et al., 2019) and they are mainly devoted to the retrieval of biophysical 

parameters. However, they usually limit their analysis to one or two parameters, in particular 

LAI and Cab (De Grave et al. 2020, Bhadra et al. 2020), while i-φ-MaLe is able to estimate 

not only a wider set of biophysical parameters, including the APAR and the Fqe, but also 

the fluorescence spectra, nowadays retrieved by exploiting inversion-based algorithms 

(Cogliati et al. 2019). Moreover, i-φ-MaLe has been able to estimate, from real data, the 

fluorescence quantum yield Fqe and the fluorescence spectrum at photosystem level FRC, 

parameters which are experimentally retrieved for the first time in literature. At the state of 
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the art, none studies concerning the development of Machine Learning algorithm for 

apparent reflectance data analysis has been able to partition the Rapp spectrum and provide a 

quantitative description of the most relevant spectral windows for each variable (Figure 15), 

even if this is crucial to select the most informative wavelengths to analyze in scenarios 

where the absorption effect of the oxygen bands is relevant, as tower-level or satellite-level 

measurements. In particular, as expected, the red-edge region is the most important to 

retrieve Cab, red and near-infrared to quantify LAI and also APAR is relevant in the O2-A 

band. F and FRC are better detected inside the O2 bands, while interestingly the O2-B resulted 

as the most important spectral region to retrieve Fqe, confirming that red F offers most 

relevant information about F emission efficiency. The good compatibility between the 

seasonal and daily trends for top of canopy-level experimental data retrieved by i-φ-MaLe, 

SFM and SpecFit (Figure 21) further demonstrates the capability of the proposed approach 

to provide robust results. Moreover, the retrieval performance analysis obtained by 

excluding the O2 bands and the compatibility between the LAI estimated by i-φ-MaLe and 

the LAI measured on the field extend the applicability of the method to tower and satellite-

level measurements (Figure 27 and Figure 28). Indeed, this analysis clearly shows that i-φ-

MaLe is able to perform F estimations also in scenarios where the telluric oxygen 

atmospheric absorption affects the Rapp measurements, differently from SFM and SpecFit, 

which are totally dependent on the information content coming from the O2 bands. Finally, 

the preliminary GPP retrieval offered by i-φ-MaLe (Figure 26) leads to further extension of 

the method to extract novel parameters. 

 

A demonstration of the wide range of applications of i-φ-MaLe is represented by  

SuperμMAPPS, developed to analyze the P-SHG signal of collagen in order to 

quantitatively describe its microarchitecture. In particular, SuperμMAPPS processes image 

stack, where each pixel is associated to a P-SHG signal. SuperμMAPPS builds on the i-Φ-

male algorithm by exploiting permutations of the P-SHG signal to apply the statistical-based 

retrieval algorithm. In particular, good performances (MAE < 2° for θF and < 0.2 for γ) have 
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been obtained by evaluating 500 phasor plots (Figure 41). This means that only 6 

experimental points are sufficient to apply this algorithm, implying a 65% acquisition time 

reduction of each P-SHG image stack.  Similarly to i-φ-MaLe, SuperμMAPPS algorithm has 

been evaluated in dependence of its hyperparameters (the number of exploited permutation, 

i.e.  the number of phasor plots) and computational time (~7ms per spectrum), resulting a 

really accurate algorithm, characterized by low uncertainties (0.6° ± 2.0° for the θF 

parameter and 0.10 ± 0.09 for γ when more than 250 different permutations and SNR = 100 

are considered). Differently from other already published denoising methods (Cutrale et al. 

2017, Krull et al. 2020), which consider the spatial encoding of the P-SHG signal (both in 

the image and in the G, S matrices in the Fourier space), SuperμMAPPS evaluates the noise 

effect directly in the phasor space without taking into account the spatial relation or any 

mathematic operation among close pixels. This is a great improvement in phasor-based 

analysis, which paves the way towards future studies concerning the development of novel 

and more accurate pipelines devoted to the denoising and reconstruction of signals. The 

versatility of SuperμMAPPS has been demonstrated by its application to different tissues, 

both murine (tail tendon, Figure 45 and Figure 46), and human (breast, skin, thyroid, 

Figure 47 and Figure 48). In particular, the analysed human samples have been extracted 

from the PSHG-TISS public repository: the θF and γ values provided by SuperμMAPPS 

have been compared to the standard fit results obtained by the PSHG-TISS authors. The 

strong compatibility with the quantifications performed by an independent research group 

and the possibility to have free access to the analysed images is a really important 

achievement to guarantee the data reproducibility and describe SuperμMAPPS as an 

algorithm conceived by following the Open Science approach. Moreover, the fibrils entropy 

parameter (Scodellaro et al. 2019), computed through the clustering analysis of θF and γ 

extracted by SuperμMAPPS, has been demonstrated to be a useful novel pipeline to 

automatically recognize breast cancer also in its early stage, hardly detected in 

histopathology by exploiting standard imaging and analysis techniques as the semi-

quantitative evaluation of fixed stained samples under the microscope. Indeed, if compared 
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to the healthy tissue, SuperμMAPPS highlighted that both early stage and full growth breast 

cancer samples are characterized by a more ordered collagen micro-structure (i.e. a lower 

value of the fibril entropy parameter, Figure 49), also confirming recent published studies 

(Wu et al. 2018). 

 

Nowadays, one of the most crucial issues in applying artificial intelligence to 

histopathological analysis is due to the color discrepancy of the same biological structure in 

tissue sections  stained and acquired under different experimental conditions or in different 

laboratories. In this scenario, Φ-Norm has been demonstrated a valid pre-processing tool, 

able to improve the accuracy of machine learning techniques which analyze the image color 

content. This proposed pipeline is the first method able to perform the stain normalization 

by exploiting the geometrical properties of the phasor approach. Here, we reported the 

comparison of Φ-Norm with other published methods (Macenko et al., 2009, Reinhard et al. 

2001) regarding the stain normalization performance. The visual inspection of the images 

highlighted the compatibility among the three staining normalization methods. It 

demonstrated the good accuracy of Φ-Norm, able to obtain results comparable to two of the 

most exploited protocols, which are considered the state of the art. This consideration has 

been also supported by the quantitative characterization of the algorithm performance in 

terms of the red, green and blue channels intensity distributions and the 3D visualization in 

the RGB colorspace. This analysis highlighted that the histograms related to the Macenko, 

Reinhard and Φ-Norm methods are superimposed to the reference image distribution. 

Moreover, Reinhard and Φ-Norm better match the reference image distributions for the 

green and blue channel, respectively. The 3D histogram visualization easily highlights slight 

discrepancies between the color transformation performed by Φ-Norm, Macenko and 

Reinhard approaches. For instance, the color expression of the collagen in the PicroSirius 

Red staining, which is different between Reinhard and the other approaches, is represented 

by a different 3D distribution. 
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Furthermore, despite its very simple structure, Φ-Norm has been demonstrated to be a 

general method, able to perform color normalization also by considering other staining, as 

the PicroSirius Red (Figure 34, Figure 38). 

Finally, the color content of biological structures manually segmented in stain normalized 

images has been quantitatively characterized by comparing their 3D distributions and by 

computing a novel metric, named Color Mean Distance (CMD), which is the difference 

between the mean color intensity of each considered structure among the 20 biopsies and the 

mean color intensity of the structure in the reference image. The lower CMD value obtained 

by means of Φ-Norm with respect to the other stain normalization algorithms quantitatively  

demonstrates that our method is the most suitable in order to obtain a uniform color 

describing the same biological structure. In particular, compared to Macenko, the 

discrepancies in terms of color content from the reference values are reduced by ~50% for 

nuclei and ~40% for cells cytoplasm in H&E patches. Concerning the SR images, the Φ-

Norm color discrepancy is reduced by ~40% for nuclei and by ~25% for collagen, compared 

to the Reinhard procedure. This leads to the possibility to exploit Φ-Norm as a future 

standard approach in the pre-processing pipelines of artificial intelligence algorithms 

designed for histopathology. Indeed, Φ-Norm has been also applied to entire SR-stained 

whole slide images (Figure 38). In this case, the application of color-based algorithms is 

really challenging due to the color content discrepancy in different part of the images (in our 

case, dark orange in the centre of the sample and yellow near the boundaries). Φ-Norm 

performed an accurate staining normalization of the entire section, as demonstrated by 

~55% reduction in the CMD computed for the cells cytoplasm with respect to the original 

acquired image. The same procedure has been also applied to analyze entire H&E-stained 

whole slide sample (Figure 39), obtaining a ~80% reduction in the CMD computed for the 

cells cytoplasm with respect to the original acquired image. These results imply an 

important achievement for the histopathology field since Φ-Norm is able to strongly reduce 

color expression discrepancies caused by different staining procedures, which highly affect 
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the reliability of the expert diagnosis, and can be easily exploited by pathologists with 

standard computational capabilities. 

In summary, these studies demonstrate the possibility to boost the geometrical and 

mathematical properties of the phasor approach by exploiting supervised machine learning 

techniques. The application of the three proposed phasor-based tools, i-φ-MaLe, 

SuperµMAPPS and Φ-Norm, in different research fields proves the outstanding versatility 

of the novel pipeline I conceived during my PhD project. In particular, these studies pave 

the way to new research fields concerning the phasor-based signal and image analysis by 

breathing new life into the standard phasor approach. 
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