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Abstract

:

Blazars are observed to emit non-thermal radiation across the entire electromagnetic spectrum from the radio to the very-high-energy  γ -ray region. The broadband radiation measured from a blazar is dominated by emission from a relativistic plasma jet which is assumed to be powered by a spinning supermassive black hole situated in the central region of the host galaxy. The formation of jets, their mode of energy transport, actual power budget, and connection with the central black hole are among the most fundamental open problems in blazar research. However, the observed broadband spectral energy distribution from blazars is generally explained by a simple one-zone leptonic emission model. The model parameters place constraints on the contributions from the magnetic field, radiation field, and kinetic power of particles to the emission region in the jet. This in turn constrains the minimum power transported by the jet from the central engine. In this work, we explore the potential of machine learning frameworks including linear regression, support vector machine, adaptive boosting, bagging, gradient boosting, and random forests for the estimation of the mass of the supermassive black hole at the center of the host galaxy of blazars using the best-fit emission model parameters derived from the broadband spectral energy distribution modeling in the literature. Our study suggests that the support vector machine, adaptive boosting, bagging, and random forest algorithms can predict black hole masses with reasonably good accuracy.
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1. Introduction


Modern astronomy suggests that most of the galaxies in the universe host supermassive black holes (SMBHs;    10 6   M ⊙   –   10 9   M ⊙   ) in their central region. The SMBHs are expected to play a lead role in the formation and evolution of the host galaxies throughout cosmic time [1]. A large fraction of such galaxies have been identified as having active galactic nuclei (AGN), which are highly energetic and non-explosive astrophysical sources, and exhibit unique observational features over the entire electromagnetic spectrum. Radiation emission from AGNs is connected to the actively accreting central SMBHs and is unrelated to the stellar emission powered by nuclear fusion. According to the unified model, AGNs mainly consist of an accretion disk around the SMBH, fast moving gas clouds in the vicinity of the SMBH, called the broad line region (BLR), a dusty torus surrounding the BLR and a slowly moving gas named the narrow line region [2,3,4]. A most extreme class of AGN, called blazars, exhibit a pair of oppositely oriented jets with one of them propagating close to the line of sight of the observer on Earth. These jets are radio-loud, highly collimated, powerful, relativistic, outflows of magnetized plasma and transport energy and momentum to large scales [5]. They emanate from the central region in the vicinity of SMBH and are perpendicular to the accretion disc or along the rotation axis of the black hole [6,7,8]. The energy transport in blazar jets in the form of bulk motion of leptons, hadrons, and magnetic field is powered by the central engine. However, the exact form of energy (ordered kinetic energy of plasma and/or Poynting flux) transportation in the jets is still not known. It is generally understood that the sources of the jets share common properties of the presence of a central compact object surrounded by an accretion disk and a large scale magnetic field with a favorable topology [6,9,10,11]. According to theoretical models and evidence obtained from high-resolution radio imaging, the relativistic jets in AGNs or blazars are formed when the SMBH spins and accretion disk is strongly magnetized. Thus, the propelling of jets takes place due to the twisting of the magnetic fields by the orbiting accretion disk or differentially rotating ergosphere, where the spin of SMBH drags the inertial frames. Furthermore, the central SMBHs are assumed to shape the jets at very large distance scales; therefore, a reliable measurement of their physical properties including mass is crucial in understanding the black hole jet connection in blazars. Therefore, black hole mass is one out of many parameters that are needed, not only in blazars, but radio galaxies and radio-quiet AGNs as well in order to understand blazars in particular and AGNs in general.



Most of the information about jets is available from the multi-wavelength observations in the radio, optical, X-ray, and gamma-ray bands. The special geometrical situation of blazar jets causes the non-thermal jet emission to be strongly amplified by the Doppler beaming effect and dominant at all wavelengths [12]. They also exhibit extreme observational characteristics such as variability at different timescales in all wavebands, strong and variable degrees of optical polarization, superluminal motion in radio, and harder-when-brighter behavior in gamma rays [13,14]. Therefore, the observed features of electromagnetic radiation in different wavebands can be used as a potential probe for the physical properties of the emission zone in the jet and also the SMBH. As the direct kinematic observation of the mass of black holes in the blazars is limited by finite spatial resolution, less direct and more indirect methods have been devised for estimating the mass of SMBHs [15]. One set of less direct methods is based on the assumption that the BLR-SMBH is a virial system and the mass of a black hole can be estimated from the orbital radius and the Doppler velocity [16,17,18]. Among the less direct methods, the reverberation mapping technique derives the distance of the BLR from the black hole by utilizing the time-lag between continuum and emission lines [19]. Since reverberation mapping is a very laborious technique, a relatively simpler alternative is the estimation of the size of BLR from the ultraviolet/optical luminosity [20,21]. It is important to note here that the optical spectra of a particular class of blazars, called BL Lac objects or BL Lacs, are devoid of strong emission lines and exhibit only weak or no spectral lines. These sources are also unified as low-excitation radio galaxies which exhibit radiatively inefficient accretion but produce collimated jets very efficiently [4,22]. The weak -or no-lined nature of the BL Lacs type of blazars introduces challenges for the reliable estimation the black hole mass using reverberation mapping as they lack the presence of BLR. Even if weak emission lines are detected from a few BL Lacs, the estimated black hole mass will be unreliable unless Doppler boosting is applied to the continuum luminosity [23]. Thus, a different technique is required for measuring the central SMBH mass black hole in BL Lacs. In an alternative approach, dynamics of the stars near the center of AGN is utilized for weighing the black hole mass. This method is based on the empirical correlations between the black hole mass and line-of-sight stellar velocity dispersion if the host galaxy of the AGN can be decomposed from the central region [24,25,26]. It is important to stress that the observed correlation between black hole mass and stellar velocity dispersion weakly evolves with redshift in the local universe [27]. Furthermore, it can be different for blazars than for low-redshift AGNs (most likely jetless), since stellar velocities are affected differently by jets emitting non-thermal radiation and thermal radiation from the accretion disk. A sizable sample of black hole masses has been estimated for BL Lacs type of blazars using the luminosity of their host galaxies [28]. However, the correlation between black hole mass with host galaxy luminosity is not as tight as that of the stellar velocity dispersion. The black hole masses for more than 700 BL Lacs have been derived using correlation with the stellar velocity dispersions [23].



In the indirect approach, variability features observed in the multi-wavelength light curves of blazars are used to estimate the SMBH mass. An empirical anticorrelation between the variability amplitude in X-ray band and black hole mass is found to be a better black hole mass estimator than the virial methods discussed above [29,30]. A correlation between photon spectral index and luminosity in the X-ray band is used to determine the mass of SMBH in blazars [31,32]. The observed X-ray luminosities alone are also used to estimate the masses of central SMBHs [33]. The intra-day variability present in the optical data of blazars gives a crude estimation of the central SMBH masses [34,35]. Spectropolarimetric observations of the broad emission lines and their polarization characteristics allow for the measurement of the SMBH mass using single epoch observations [36]. In this work, we report the application of various machine learning algorithms to estimate the central SMBH mass in blazars using the best fit physical parameters, which have been derived from the broadband emission modeling. This method takes into account the near-simultaneous and time-averaged flux measurements in all wavebands over the whole electromagnetic spectrum to predict the SMBH mass for a given blazar. It can be applied to all type of blazars or AGNs whose broadband emission modeling is possible with a set of non-thermal model parameters. Therefore, this method is free from the limitations of various approaches for black hole mass measurements as described above. Determination of black hole mass for a large number of blazars would help in understanding the statistical properties of relativistic jets, estimating if the black hole or another parameter is the main driver of non-thermal emission from jets and the scaling of relativistic jets with mass of SMBHs. An accurate estimation of black hole mass will also help in optimization of the parameters of a physical model describing the jet emission. It is also used to set an approximate upper limit to AGN energetics via the Eddington limit. The most unique aspect of the machine learning approach reported in the present work relies on the fact that it only depends on the model parameters involved in the modeling of broadband non-thermal jet emission. The structure of paper is the following. In Section 2, broadband emission models for blazars are briefly discussed. The data sample of blazars used in the present work is described in Section 3. The description of different machine learning algorithms employed for SMBH mass estimation is given in Section 4. Results are discussed in Section 5, and finally we conclude the study in Section 6.




2. Broadband Emission from Blazars


Blazars are dominant source of broadband electromagentic radiation in the extragalactic universe. The intensity from these sources is greatly boosted in the observer frame due to strong relativistic beaming effects and is dominated by non-thermal continuum emission originating within the jet. A fractional dissipation of power carried by relativistic plasma jets of blazars results in the emission of beamed radiation that is observed on Earth [37]. The measured characteristic spectral energy distributions (SEDs) of blazars, consisting of two broad humps, have been successfully reproduced by a simple one-zone leptonic model [12,38]. The first hump, peaking at low energy in the IR-optical-UV band, is well attributed to the synchrotron emission by relativistic electrons from a compact region permeated in tangled magnetic field inside the jet. The second hump peaks at high energy in the GeV-TeV gamma-ray band and is described by the inverse Compton (IC) scattering of low-energy seed photons by the relativistic electrons in the jet [39,40]. If the target photons for IC process are the synchrotron photons itself, it is referred to as the synchrotron self-Compton (SSC) model for high energy gamma-ray emission [41,42]. On the other hand, if the population of seed photons is described by an external radiation field originating from the accretion disk [43], the broad-line region [44,45] or the dusty torus [46,47] is known as the external Compton (EC) model. A qualitative description of the simple one-zone synchrotron and IC models adopted for broadband SED modeling of blazars used in the present work is in the following [37].



The emission region, a spherical blob of radius R, is located at a distance   R  d i s s    from the central SMBH of mass   M  B H   . The emission zone is moving relativistically with a velocity of   β  c   (c is the speed of light in vacuum) corresponding to a bulk Lorentz factor  Γ . The total power injected into the emission region in the form of relativistic electrons in the co-moving frame is given by


   P i ′   =  V   m e   c 2  ∫ γ  Q  ( γ )   d γ  



(1)




where   V = 4 π   R 3  / 3   is the volume of emission zone,   γ  m e   c 2    is the relativistic energy of an electron, and   Q ( γ )   is the injection rate of the primary electrons. The injection function of relativistic electrons is a smooth broken power law in the form:


  Q  ( γ )   =   Q 0      ( γ /  γ b  )   −  s 1     1 +   ( γ /  γ b  )    s 2  −  s 1       



(2)




where   s 1   and   s 2   are the power law spectral indices before and after the break energy   γ b  . The energy distribution   N ( γ )   of the particles in the emission region is obtained by solving the continuity equation by taking into account the particle injection, radiative cooling, and   e −  -  e +   pair production due to photon–photon collision. The injection process is assumed to last for a light crossing time of   R / c   and   N ( γ )   is calculated at this time. The magnetic energy density in the emission region is given by    U B   =   B 2  / 8 π  , where B is the strength of tangled magnetic field. Assuming a steady-state electron energy distribution   N ( γ )  , emissions due to the synchrotron, SSC, and EC processes are calculated. The total observed flux is given by


   F  o b s    (  ν  o b s   )   =     δ 3    ( 1 + z )   V   d L 2     I  s y n    ( ν )  +  I  S S C    ( ν )  +  I  E C    ( ν )    



(3)




where    ν  o b s    =  ν  δ /  ( 1 + z )    is the observed photon frequency corresponding to the co-moving photon frequency  ν ,  δ  is the Doppler factor, z is the redshift of the source,   d L   is the luminosity distance, and I is the intensity corresponding to the associated radiative process. The BLR is assumed to have a shell-type structure located at distance


   R  B L R    =   10 17      L d   10 45     1 / 2     cm  



(4)




where   L d   is the luminosity of accretion disk. The total power carried by jet or jet luminosity (  L j  ) includes radiated power, Poynting flux corresponding to the magnetic field, power in bulk motion of emitting electrons, and power in the bulk motion of cold protons (assuming one proton at rest per emitting electron). A detailed description of the model can be found in [37].




3. The Data Sample of Blazars


Ghisellini et al. (2010) have studied the entire sample of blazars of known redshift detected by the Large Area Telescope onboard the Fermi satellite (Fermi-LAT) during its first three months of operation [48]. They have selected 85 blazars with reasonable data coverage of their broadband SEDs from optical to gamma rays. Sources in the sample were in the average state. The optical/UV measurements were used to segregate the contribution due to accretion disk from the non-thermal jet emission of the selected blazars. The leptonic one-zone model, described in Section 2, was employed to reproduce the observed multi-wavelength emission of the blazars. The time-averaged broadband SEDs in the sample are described by different radiative cooling by the relativistic electrons in the emission region with lower power jets containing higher energy electrons. The seed photons for EC process to produce gamma-ray photons were provided by BLR. The fitting results indicate that all blazars in the sample have small viewing angles with the relativistic jet pointing towards the Earth. Assuming that the mass of the SMBH plays an important role in the measured broadband SED, we have selected 60 out of the 85 blazars reported by Ghisellini et al. (2010) [48] for use in the present study. Our selection is based on the criteria that all model parameters including mass of black holes should be available for the sample of blazars. Among the various model parameters reported in the literature, we have z,   R  d i s s   ,   R  B L R   ,   P i ′  , B,  Γ ,   γ b  ,   γ  m a x    (maximum Lorentz factor of injected electrons),   s 2  , and   L j   (total power carried by the jet) as the input parameters for predicting the value of   M  B H    for each blazar in the sample. Distributions of these parameters for the 60 blazar sample are shown in Figure 1. The data sample comprising 60 blazars is randomly divided into training and test data sets. The training data set consists of the parameters of 45 blazars whereas the parameters of the remaining 15 blazars were used as test data for the validation of the methodology for black hole mass prediction based on different machine learning algorithms. The scatter plots of   M  B H    vs. the SED model parameters, reported in Figure 2, do not indicate any definite pattern/correlation. This implies that the black hole mass does not exclusively depend on any of the SED parameters of the blazars. Therefore, we use advanced machine learning tools to estimate the masses of SMBHs in the blazars using broadband emission parameters as inputs.




4. Machine Learning Algorithms


Machine learning techniques and artificial intelligence have proven to be applicable in broad area of scientific research in astronomy and astrophysics [49,50,51]. They are widely used for a variety of tasks such as the detection, characterization, classification, and prediction using big astronomical data sets. Machine learning algorithms are generally grouped into two categories, namely supervised and unsupervised. Supervised algorithms learn over time from a training data set based on correct input–output pairs provided by experts and then yield the expected output. Different learning models, algorithms, and computational techniques are employed in supervised machine learning. In unsupervised machine learning algorithms, models are trained using unlabeled data and learn from the hidden patterns/complex relationships in the given data set to estimate the output. In this work, we used the data set described in Section 3 and employed the following six supervised machine learning algorithms to predict the masses of SMBHs in blazars.



4.1. Linear Regression


Linear regression is a simple and popular statistical method for the predictive analysis. It fits a linear model between a dependent variable (output) and one or more independent variables (inputs) with appropriate weights or coefficients of lines. A cost function optimizes the weights or regression coefficients by minimizing the residual sum of least squares between the outputs in training data set and predicted outputs by the linear approximation.




4.2. Support Vector Machine


A support vector machine (SVM) algorithm is used for both regression and classification and regression problems. It creates the best line or decision boundary that can separate higher-dimensional space into classes so that a new data point may be associated with a correct category. The best decision boundary is referred to as the hyperplane, where the distance between two classes of data points is the maximum. The dimensions of the hyperplane depends on the features present in the data set and the extreme data points or vectors close to hyperplane are termed as support vectors. This offers a very high accuracy when compared to linear regression algorithms. The SVM algorithm is implemented using a kernel, which transforms an input data set into the required form. In the present work, we have used a radial basis function kernel with   C = 10   and   γ = 0.01   as parameters.




4.3. Adaptive Boosting


Boosting algorithms in machine learning are based on a model built using a training data set followed by a second model to rectify the errors developed in the first model. The procedure is continuously applied unless the errors are minimized and the output is predicted correctly. The adaptive boosting (AdaBoost) algorithm is used as an ensemble method in machine learning. In this technique, a model is built and equal weights are assigned to all the data points. Higher weights are assigned to incorrectly predicted data points. In the next model, points with higher weights are given more importance. It continuously trains models unless the error is minimized. Boosting is used to reduce the bias and the variance. The AdaBoost technique essentially works on the principle of learners growing sequentially.




4.4. Bagging


Bagging, also known as bootstrap aggregating, is an improved ensemble learning technique which combines several models to decrease the variance and avoid overfitting. Bagging is based on the key idea that multiple base learners trained separately with a random sample from the training data set through a voting or averaging approach produce more stable and accurate model [52].




4.5. Gradient Boosting


Unlike AdaBoost, the weights of training datasets are not tweaked in the gradient boosting algorithm. Each predictor is trained using the residuals of the predecessor as labels. It calculates the gradient for optimization of a given cost function. The key idea is based on minimizing the residuals of each learner base in a sequential manner. Each base learner added to the sequence minimizes the residuals determined by the previous learner. This is repeated until the error function is approximately zero or a specified number of base learners is completed [53].




4.6. Random Forest


Random forest is a flexible algorithm which is widely used as an ensemble technique in both classification and regression problems. The term forest refers to a collection of uncorrelated decision trees merged together to reduce variance and create accurate data predictions. It takes into account the prediction from each tree on the basis of majority votes of the predictions, instead of relying on single decision tree to predict the final output. A higher number of trees in the forest leads to better accuracy and prevents overfitting. The random forest algorithms works in two phases: first, the random forest is created by combining multiple decision trees and second, predictions are made for each tree created in the first phase [54]. Compared to other machine learning algorithms, random forest takes less training time and very efficiently predicts output with high accuracy.





5. Results and Discussion


We take advantage of the availability of a large set of model parameters for broadband emission from 60 blazar jets and measurements of the masses of respective SMBHs as described in Section 3. The blazar sample data set is split into training and testing sets with a ratio of 25%. Hence, the emission model parameters z,   R  d i s s   ,   R  B L R   ,   P i ′  , B,  Γ ,   γ b  ,   γ  m a x   ,   s 2  , and   L j   of 45 blazars are provided as the inputs for the six machine learning algorithms mentioned in Section 4 to predict   M  B H    from the scikit-learn. The performance of model corresponding to the training data set is evaluated on the basis of two loss functions, namely root-mean square error (RMSE) and goodness of fit, given by   R 2  . The RMSE between the desired and predicted outputs gives outliers a large weight and needs to be minimized during the training process.   R 2  , also known as the coefficient of determination, is a statistical measure of the scatter of data points around the fit regression line. The values of RMSE and   R 2   corresponding to the six machine learning algorithms are shown in Figure 3. A comparison of RMSE for different algorithms suggests that the AdaBoost gives the minimum RMSE value of ∼0.1, followed by SVM, bagging, and random forest. Similarly,    R 2  ≥ 0.8   values were obtained for AdaBoost, SVM, bagging, and random forest algorithms with a maximum value of    R 2  = 0.87   for AdaBoost. For a given data set, a higher value of   R 2   indicates smaller differences between the desired and predicted outputs. Therefore, the loss functions RMSE and   R 2   suggest that among the six algorithms applied in the present work, AdaBoost is the best performing technique, followed by SVM, bagging, and random forest.



Therefore, we have used the better performing algorithms AdaBoost, SVM, bagging, and random forest to predict the   M  B H    values for 15 blazars in the test data set. The predicted vs. true values for these algorithms are reported in Figure 4. It is observed that all the four algorithms predict the   M  B H    values reasonably well, as the predicted and desired values are almost linearly correlated. We have also estimated the relative importance of various input parameters in predicting the masses of SMBHs. The results shown in Figure 5 imply that the location of the emission zone in the blazar jet (  R  d i s s   ) is the most important parameter in predicting the values of   M  B H   . The second important input parameter is the bulk Lorentz factor ( Γ ) of the emission zone in the case of SVM and random forest algorithms. The location of emission region controls the radiative cooling processes in the blazar emission models. However, the dominant mechanism for non-thermal emission at high energy and location of emission zones remain poorly understood [55]. The complicated nature of blazars has resulted in a large number of proposals on the location of emission zone in the jets. Sample of blazars have been observed to have a high bulk Lorentz factor or Doppler factor and show a positive correlation between   M  B H    and  Γ  [56]. Therefore, the exact determination of   R  d i s s    using high-resolution future instruments and  Γ  measurements will help in the better prediction of   M  B H    for blazars using the machine learning-based methodologies as discussed in this study. A recent study of a large sample of blazars suggests a significant correlation between jet kinetic power and the spin of SMBH [57]. The spin of black holes and accretion are found to be the dominant contributors to the jet kinetic power. This indicates that blazar jet power depends on the mass of black hole. In another study, a strong relation between bulk Lorentz factors and black hole mass is also reported [58]. These results suggest that the Blandford–Znajek mechanism [6] plays a leading role in jet formation and acceleration in blazars. Therefore, the results obtained in the present study will help ito better understand jet formation in blazars as well as jetted AGNs, which are open issues in astrophysics research.



Although steady state single-zone leptonic models have been successful in providing acceptable fits for the SEDs of almost all classes of blazars, they face several theoretical and observational challenges as they sometimes demand unusual values of the physical parameters [59,60]. Very fast variability during flaring episodes and the occurrence of orphan TeV flares pose challenges to the time-dependent implementations of one-zone leptonic models [61,62,63]. Furthermore, the nature of emitting plasma in the blazar jets still remains unclear and hadronic models and lepto-hadronic models have began to receive widespread acceptance [12]. The discovery of very-high-energy neutrinos in 2013 by the IceCube experiment and their plausible association with the gamma-ray flaring episode of a blazar challenges the leptonic models and supports the role of hadronic models for blazar emission [64,65]. In order to explain some of the observational findings, two-zone leptonic models and several variations of the multi-zone models have also been proposed as the number of relevant emission zones is unknown [66,67]. Therefore, the results derived in the present work using single zone leptonic models may not be purely realistic. This study only explores the potential of machine learning applications for black hole mass estimation using broadband emission model parameters. However, it can be applied to the more complex models, as described above, if SED model parameters are available for a large number of blazars in future.




6. Conclusions


The broadband observations of blazars are found to play a leading role in determining the physical properties of the central SMBH in the host galaxies as well as the relativistic jets. Many methods have been developed in the literature to estimate the mass of SMBH for blazars using the measurements of electromagnetic radiation from jets. In this work, we have explored the potential application of machine learning algorithms for the estimation of the masses of SMBHs in blazars. The main findings of this study are:




	
Blazars, being bright sources across the electromagnetic spectrum, are visible over large cosmological distances. Therefore, the physical properties of the central SMBHs are important in mapping the structure formation and evolution in the early universe.



	
The best fit parameters of the blazar SEDs, derived under the framework of a simple, homogeneous, one-zone leptonic emission model, can be effectively utilized to estimate the mass of SMBHs in blazars.



	
Out of the six machine learning algorithms used in this work, AdaBoost, SVM, bagging, and random forest are found to give consistent performance for predicting the mass of SMBH using broadband SED model parameters as inputs.



	
A very strong linear correlation is observed between the predicted and desired masses of the SMBHs for the blazar sample used in the present work. The predictions by different machine learning algorithms have very good accuracy.



	
Among the several model parameters for blazar emission, location of emission zone from the central region and bulk Lorentz factor of the jet are the crucial parameters for predicting the mass of SMBH. However, more future multi-wavelength observations of blazars are needed to further confirm and validate the findings of this work as the central black hole mass is the driving parameter of the blazar activities.
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Figure 1. Distribution of best fit model parameters for reproducing the SED of 60 blazars. The data are taken from the literature published in [48]. 
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Figure 2. Scatter plots for the mass of SMBH as a function of SED model parameters of the blazar data sample. 
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Figure 3. RMSE and   R 2   estimations for different machine learning algorithms using the training data set. 
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Figure 4. Predicted and true values of   M  B H    for 15 blazars in the test data set. 
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Figure 5. Relative importance of various input parameters for different machine learning algorithms. 
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