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The Indian Pulsar Timing Array (InPTA) collaboration has recently made its first official data
release (DR1) for a sample of 14 pulsars using 3.5 years of uGMRT observations. We present the
results of single-pulsar noise analysis for each of these 14 pulsars using the InPTA DR1. For this
purpose, we consider white noise, achromatic red noise, dispersion measure (DM) variations, and
scattering variations in our analysis. We apply Bayesian model selection to obtain the preferred noise
models among these for each pulsar. For PSR J1600−3053, we find no evidence of DM and scattering
variations, while for PSR J1909−3744, we find no significant scattering variations. Properties vary
dramatically among pulsars. For example, we find a strong chromatic noise with chromatic index
∼ 2.9 for PSR J1939+2134, indicating the possibility of a scattering index that doesn’t agree with
that expected for a Kolmogorov scattering medium consistent with similar results for millisecond
pulsars in past studies. Despite the relatively short time baseline, the noise models broadly agree
with the other PTAs and provide, at the same time, well-constrained DM and scattering variations.

∗ amnsrv1@gmail.com

I. INTRODUCTION

Millisecond pulsars (MSPs) are known for their ex-
ceptional rotational stability and accuracy comparable
to atomic clocks. Pulsar Timing Array experiments
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(PTAs) [1] aim to detect ultra-low frequency (∼ 1-100
nHz) gravitational waves (GWs) by monitoring an ensem-
ble of MSPs distributed across the Galaxy. This is pos-
sible because the GWs travelling across the line of sight
to a pulsar perturb the null geodesics along which the
pulsar electromagnetic signals propagate, thereby mod-
ulating their times of arrival (ToAs) radio pulses. GW
signals in the PTA frequency range are typically expected
to originate from orbiting supermassive black hole bina-
ries (SMBHBs) in the inspiral phase, both as a stochastic
GW background (GWB) formed by the incoherent addi-
tion of GWs from a large number of SMBHBs, and as
strong individual sources standing out above this back-
ground [2]. Such a GWB induces spatially correlated
ToA modulations in different pulsars, characterized by
the Hellings-Downs overlap reduction function [3]. Other
proposed sources of nanohertz GWs include cosmological
phase transitions [4], cosmic strings [5], and relic GWs
emanating from cosmic fluctuations in the early universe
[6].

PTA experiments working towards the goal of detec-
tion of nHz GWs include the European Pulsar Timing Ar-
ray [EPTA: 7], the Parkes Pulsar Timing Array [PPTA:
8], the North American Nanohertz Observatory for Grav-
itational Waves [NANOGrav: 9], the Indian Pulsar Tim-
ing Array [InPTA: 10], and emerging PTAs such as the
Chinese Pulsar Timing Array [CPTA: 11], and the Meer-
Time Pulsar Timing Array [12]. The International Pulsar
Timing Array consortium [IPTA: 13] aims to improve the
prospects of nanohertz GW detection and post-detection
science by combining the data and resources from differ-
ent PTA experiments. Over the last decade, the PTA
experiments have put increasingly stringent constraints
on the stochastic GWB, culminating in the recent de-
tection of a common red noise process in multiple PTA
datasets [14–17].

The InPTA experiment [18] aims to use the upgraded
Giant Metre-wave Radio Telescope [uGMRT: 19] to com-
plement the international PTA efforts via low-frequency
observations of pulsars. The uGMRT observations sig-
nificantly improve the prospects of characterizing the
interstellar medium effects, such as dispersion measure
(DM)1 and scatter-broadening variations, which are the
strongest at low frequencies [20]. The recently published
InPTA Data Release 1 [InPTA DR1: 21] provided ToA
measurements, timing analysis, and the characterization
of DM variations for 14 pulsars over a time span of
3.5 years, estimated using both the traditional narrow-
band method [22] and the more recent wideband method
[23, 24].

The intrinsic wander of the rotation rate of the con-
stituent pulsars, the variations in DM and scatter-
broadening, as well as the instrumental noise of radio
telescopes are often covariant with the slowly varying

1 Integrated free electron density along the line of sight to the
pulsar.

GW signature in the data and act as sources of chro-
matic and achromatic noise. The detection and charac-
terization of GWs are strongly affected by the faithfulness
of noise models and can be highly dependent on custom
noise modelling for each pulsar [15, 16, 25–27]. Char-
acterizing these single pulsar noise processes, which are
uncorrelated across the constituent pulsars, is a crucial
first step for extracting the weak GW signal, which is
otherwise correlated across pulsars [14–17].

This work presents the single pulsar noise analysis
(SPNA) of the 14 pulsars present in the InPTA DR1 us-
ing the ENTERPRISE package [28]. We perform Bayesian
model selection among a finite set of noise models for
each pulsar based on the Bayes factors estimated using
the DYNESTY package [29], which implements the dynamic
nested sampling algorithm [30]. Finally, we perform pa-
rameter estimation for the preferred noise model using
PTMCMCSAMPLER [31]. We note that corresponding noise
analyses have also been carried out with EPTA DR2 for
six pulsars [15] and the PPTA DR2 dataset for 26 pul-
sars [14], and we shall also do a comparison with their
results for the same pulsar as appropriate. We should
note that with a relatively modest timing baseline of 3.5
years, the red noise modeled using the InPTA dataset
may be inconsistent with the other PTAs, which have a
timing baseline of over a decade.

The rest of this article is organized as follows: Sec-
tion II briefly describes the InPTA DR1. Section III
discusses the various noise sources incorporated into our
analysis. Section IV discusses the Bayesian analysis
methodology for noise model selection and parameter es-
timation. Section V discusses the noise modelling re-
sults for each pulsar. We present our conclusions in Sec-
tion VI.

II. BRIEF DESCRIPTION OF THE InPTA DR1

The InPTA DR1 [21] consists of observations of 14
MSPs conducted using the uGMRT [19] as part of the
InPTA experiment from 2018 to 2021 typically with a
bi-weekly cadence. These observations were carried out
during observing cycles 34−35 and 37−40 of the uGMRT,
where the 30 uGMRT antennae were divided into multi-
ple phased subarrays, simultaneously observing the same
source in multiple bands in total intensity mode [18]. The
channelized time series data generated by the uGMRT
are recorded using the GMRT Wideband Backend [32]
in a binary raw data format, and RFI-mitigated and
partially folded into PSRFITS archives using the pinta
pipeline [33]. The narrowband ToAs were measured us-
ing the Global Positioning System (GPS) and a local
topocentric frequency standard was provided by the hy-
drogen maser clock at the GMRT. The ToAs were fit-
ted using TEMPO2 [34] to obtain the timing residuals.
The timing procedure involved epoch-wise DM correc-
tion by incorporating the DM time series obtained using
DMcalc [20] from low-frequency simultaneous multi-band
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uGMRT data. Additionally, wideband timing residuals
were generated using the wideband likelihood method de-
scribed in Ref. [35] and implemented in the TEMPO [36]
pulsar timing package. For our analysis, we use only
the narrowband data for all pulsars. More details of the
InPTA DR1 can be found in [21].

III. NOISE MODELS FOR PTA DATA

In this section, we discuss the various noise compo-
nents used in our analysis. The noise analysis is critical in
the search for gravitational waves to separate noise pro-
cesses from the correlated GWB signal. Hazboun et al.
[37] using simulations showed that improper noise models
could cause bias in GWB estimates. Hence, it is critical
to robustly model these noise sources to search and char-
acterize any such correlated signals among pulsars. We
model the noise processes as a stationary Gaussian pro-
cesses (GP) [38]. The details of the myriad achromatic
and chromatic noise processes are described in this sec-
tion, which will be used to obtain custom noise models
for each pulsar.

A. White noise

White noise refers to the stochastic signal, where the
power spectral density is constant across the whole fre-
quency range and is uncorrelated across time. In PTA
data, white noise dominates at high frequencies. It
is modelled by re-scaling the initial ToA uncertainties
(σToA) as follows:

σ2 = EFAC2 × (σ2
ToA + EQUAD2) (1)

where the EFAC accounts for radiometer noise and the
EQUAD denotes the intrinsic scatter related to the
stochastic profile variations [39–41]. Hence, the white
noise covariance matrix CW , which is a diagonal matrix
with diagonal elements as the re-scaled variances of ToAs,
is given by:

CW,i,j = σ2
ijδij . (2)

Note that the re-scaling is based on the ansatz that this
uncorrelated ToA noise is Gaussian. Refs. [42, 43] have
discussed the non-Gaussian character of this noise, and
its presence in a few MSPs has also been recently re-
ported [14]. Although, we do not investigate the non-
Gaussianity aspect in this work, modelling it may pro-
vide better ToA precision, which we plan to explore in
the future.

B. Red noise

In pulsar timing, red noise refers to a time-correlated
noise, which is stronger at lower frequencies compared to

higher frequencies. As the GWB itself may appear as
a correlated red noise signal that is spatially correlated
across pulsars [44], it is of utmost importance to correctly
model the pulsar-specific red noise in the data. The red
noise is modelled as a stationary Gaussian process, and
we adopt the “Fourier space” representation of the Gaus-
sian process [45]. The timing residuals ti at each epoch
due to the stochastic red signal (SRS) are approximated
as:

δtSRS(ti) =

N∑
l=1

Xl cos(2πtifl) + Yl sin(2πtifl) (3)

where one can easily notice that Xl and Yl appear as
weights, and the basis functions are:

F2l−1(ti) = cos(2πtifl) (4)
F2l(ti) = sin(2πtifl) (5)

where l = 1, 2, ..., N . If fl = l/T where T is the total ob-
serving time span, and if the epochs are evenly spaced,
then this would correspond to the discrete Fourier trans-
form. Also, we typically truncate the set at a high fre-
quency (beyond which the spectrum is dominated by
white noise) instead of using the entire set, using an
evenly spaced set of frequencies, truncating at N/T ,
where N is the number of Fourier modes. We use N
as a hyper-parameter in our noise model selection among
four predefined values for each pulsar. The choice of the
optimum number of Fourier modes is discussed in Ref.
[15].
The covariance matrix Σ for Fourier coefficients Xl, Yl

is defined by power spectral density (PSD), S. For our
analysis, we will use the power law for fitting the red
noises, which can be written as follows:

S(A, γ) =
A2

12π2

(
f

yr−1

)−γ

yr3 (6)

where S(A, γ) is the power spectral density, A is the am-
plitude with normalization at a frequency of (1 yr−1),
and γ is the spectral index. The covariance matrix for
red noise in the frequency domain (see [15] and references
within) is given by

Σκαlβ = S(fk : Aα, γα)δklδαβ/T (7)

where l, k = 1, 2, ..., N , and α, β denote the indices of
the pulsar. The Kronecker delta function has been intro-
duced, since we take into account the spatially uncorre-
lated red noise.

1. Achromatic red noise

Achromatic red noise (RN), also known as timing noise,
is modelled in PTA data to account for the spin irregu-
larities in pulsars [46, 47]. This noise might not be sig-
nificant in MSPs compared to younger pulsars but it can
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be detected with data over a long baseline (e.g. [14, 48]).
This is the observing frequency-independent noise origi-
nating from the pulsar. We model achromatic red noise
using the power law described above for our analysis.

2. Chromatic red noise

There are delays in ToAs due to the interaction of pulse
signals with matter along the path of propagation, such
as the ionized interstellar medium (IISM), the ionosphere
of the Earth, and the interplanetary medium. Delays
in such signals are observing-frequency dependent in na-
ture. One such dominating effect is due to the disper-
sion, which causes the frequency-dependent delay in the
arrival time of pulses. The delay in ToAs due to the
DM is related to the observing frequency according to
∆tDM ∝ ν−2, where ν is the observing frequency, and
DM is the dispersion measure [49]. The timing model
accounts for this effect by considering its value at refer-
ence epoch along with its first (DM1) and second deriva-
tives (DM2). However, turbulence and inhomogeneity in
the IISM coupled with the relative motion of the earth,
pulsar and the IISM, may induce an additional time-
correlated red noise due to these DM variations (DMv),
which depends on the observing frequency [50, 51]. An-
other such effect is the delay due to the scattering varia-
tions (Sv) caused by the signal’s multi-path propagation
in IISM due to refraction and diffraction, which occurs
when the radio pulses from a pulsar pass through the
interstellar medium (ISM), leading to delay, broadening,
and other distortion of the pulses [49]. The delay due
to the scattering is given by ∆tSC ∝ ν−4. It is crucial
to have multi-band observations to disentangle the chro-
matic components of the red noise (see, for e.g. Ref. [25]).

For the covariance matrix F chrom
i of chromatic noise,

we use the same formula as that used for red noise, with
the additional dependency of induced ToA delays on the
observing frequency, as given below:

F chrom
i = Fi ×

( νi
1.4GHz

)−χ

(8)

where Fi is the Fourier transform of the time-domain red
noise signal and contains the incomplete sine and cosine
functions, νi is observing frequency, and χ is the chro-
matic index, which is 0, 2, and 4 for RN, DMv, and
Sv, respectively. Apart from DMv and Sv, we also use
the “Free Chromatic Noise” model (FCN), which has the
chromatic index (χFCN ) as an additional free param-
eter along with the amplitude and spectral index (see
Refs. [15, 52]). This model is used as a diagnostic tool
for our selected noise models, where we fit for the (χFCN )
to look for the presence of achromatic and chromatic red
noise. The contributions of solar wind to DM and scat-
tering variations are included in our GP model in our
analysis, where we do not factorize between a small quasi-
periodic variation due to inter-planetary medium and the
stochastic variation due to ISM.

IV. ANALYSIS TECHNIQUES

A. Bayesian analysis

We now provide a brief prelude to the Bayesian model
comparison techniques for selecting the best noise model.
In this work, Bayesian model comparison is used for se-
lecting the best noise model and for selecting the op-
timum number of Fourier modes for the selected noise
model. Bayesian regression is then used for estimat-
ing the optimum parameters of the selected noise model.
More details on Bayesian inference and Bayesian model
selection can be found in Refs. [53–55] (and references
therein). We follow the same notation as in Ref. [53].

The starting point for Bayesian Model comparison is
the Bayes Theorem, which states that for a model M
parameterized by the parameter vector θ and given the
data D:

P (θ|D,M) =
P (D|θ,M)P (θ|M)

P (D|M)
, (9)

where P (θ|M) is the prior on the parameter vector
(θ) for that model; P (D|θ,M) represents the likeli-
hood; P (θ|D,M) represents the posterior probability;
and P (D|M) is the marginal likelihood, also known as
the Bayesian Evidence. The priors used in our analysis
can be found in Table I. For Bayesian parameter estima-
tion, one needs to evaluate the posterior P (θ|D,M).

For model selection, we need to evaluate the Bayesian
evidence, which can be defined as:

P (D|M) =

∫
P (D|θ,M)P (θ|M) dθ (10)

To perform model selection between two models M1

and M2, we calculate the Bayes factor (BF), which is
given by the ratio of the Bayesian evidence for the two
models:

B21 =

∫
P (D|M2, θ2)P (θ2|M2) dθ2∫
P (D|M1, θ1)P (θ1|M1) dθ1

(11)

The Bayes factor is then used for Bayesian model com-
parison. The model with the larger value of Bayesian
evidence will be considered the favored model. We then
use Jeffrey’s scale to assess the significance of the favored
model [54]. Based on this scale, a Bayes Factor < 1 in-
dicates negative support for the model in the numerator
(M2), thereby favouring the model M1. A value exceed-
ing 10 points to “substantial” evidence for M2, while a
value greater than 100 points to decisive evidence. We
choose 100 as the threshold Bayes factor above which
a more complex model is chosen over another with a
smaller number of free parameters. In case the Bayes
factor is greater than one but less than 100, we follow
Occam’s razor and choose the model with fewer free pa-
rameters. In the case where both models have the same
number of free parameters, we chose the model based on



5

prior information on the presence of the parameters in
that dataset. We assume that the stochastic processes
present in our data are Gaussian, and the data is rep-
resented by these Gaussian processes, whereas determin-
istic signals are included in the timing parameters. We
apply Gaussian likelihood in our analysis following the
previous studies [56–58], and ENTERPRISE is used to eval-
uate the likelihood function.

We now provide details of the model selection pro-
cedure for selecting the best noise model, followed by
harmonic mode selection. Finally, we provide details of
the parameter estimation procedure for the selected noise
model.

B. Model selection

For model selection, we calculate the Bayes factor by
applying nested sampling using the DYNESTY package.
In the first step, we perform Bayesian model selection
to look for EQUAD in white noise for each pulsar. We
use two white noise-only models, i.e. the first with only
EFAC and the second with both EFAC and EQUAD.
Once we finalize the white noise for each pulsar, we per-
form the Bayesian model selection using six pre-defined
noise models listed in Table II. We construct these six
models with different combinations of RN, DMv and Sv.
As the ∆DM estimates are very precise, it is highly un-
likely to have Sv without a discernible DMv in the data.
Hence, we did not use a model with only RN and Sv
(without DMv) for our analysis. For this model selection
step, we use the highest number of Fourier modes for
RN, DMv as well as Sv, i.e. the highest frequency mode
equivalent to a frequency of once per month, which
roughly corresponds to two observations (using Nyquist
sampling theorem) per pulsar, as the cadence of InPTA
observations is roughly 14 days. The priors for EQUAD
and all types of red noise amplitudes are log-uniform
priors (log10U), which serve as reliable approximations
of non-informative priors for scale-invariant parameters.
The priors for EFACs and spectral index for the various
red noise models are uniform distributions (U). For the
same prior sets used for SPNA by Chalumeau et al. [15],
our tests show that this prior range is adequate for our
dataset. The final selected models, along with the Bayes
factors for all the pulsars, can be found in Table III.

C. Selection of number of Fourier modes

As shown in Ref. [15], the noise models are sensitive
to the number of Fourier modes (N) for all types of red
noise. Hence, it is imperative to perform a model se-
lection for different numbers of Fourier modes for each
pulsar to obtain an optimum number. One thing to
note is that, in principle, these optimum numbers can
be different for RN, DMv and Sv. Hence, we carry out

the model selection separately, for a selected number of
Fourier modes for each noise component, as described
below. This is accomplished amongst the four values of
N = 2, 5, 8, 12 (×Tspan), where Tspan is in years. As the
data spans differ for a few pulsars, we have created the
number of Fourier modes as a function of Tspan. These
four values are chosen to evenly spread the number from
the lowest to highest Fourier modes. The lowest mode
corresponds to the frequency of 2/Tspan, while the high-
est mode corresponds to the frequency of once per month.
For example, for PSR J1909−3744, which has a data
span of 3.38 years, the four values of N, among which
the model selection is performed, are 6, 16, 27, and 40.
We chose the (integer) truncated values for N in case we
got floating point numbers. For PSR J1744−1134, where
the data span is only 0.44 years, the four values of N cho-
sen are 1, 2, 3, and 4. The optimum number of Fourier
modes selection is performed in multiple steps, starting
from RN, using WR model, which contains only WN and
RN. We obtain the Bayes factors for the four values of
modes described above. We set a Bayes factor threshold
of 10 for the selection of the number of modes, similar to
[15]. After the optimum number is obtained for RN, and
if the noise model of a pulsar contains DMv, we perform
mode selection for DMv using WRD model, keeping the
RN modes at the optimum mode number, as obtained in
the previous step. Similarly, if the model also contains
scattering variations, we perform modes selection using
WRDS model, keeping the RN and DMv modes at their
optimum value and performing mode selection for only
scattering variations. If the selected model only contains
DMv, we use WD model to obtain the optimum num-
ber. If the model contains DMv and Sv and no RN, then
we first use WD to obtain the optimum number of DMv
and then use WDS model to perform the modes selec-
tion for Sv, keeping DMv modes at the optimum num-
ber. Once again, we calculate the Bayesian evidence and
corresponding Bayes factors using the DYNESTY package.
The number of modes for each pulsar and noise model
can be found in Table IV.

D. Parameter estimation

After the selection of the preferred noise model, fol-
lowed by choosing the optimum number of Fourier modes
for each pulsar, we perform the parameter estimation us-
ing Bayesian regression to obtain the final noise param-
eter values using PTMCMCSAMPLER [31]. We again use the
same Gaussian likelihood and the priors for the selected
noise models as those which were used for calculating the
evidence. The final values are tabulated in Table IV. All
the red noise posterior plots and the full corner plots for
all the noise models can be found in Appendix B and C,
respectively.
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TABLE I: Priors used in our noise analysis. This table gives the distributions for priors used in the Bayesian
analysis for model selection. Here U and log10U stand for uniform and log-uniform distributions, respectively.

Noise (abrev.) Parameters Priors (or fixed val.)

White Noise EFAC U(0.1,5)

(WN) EQUAD [s] log10U(10−9, 10−5)

Achromatic red-noise ARN log10U(10−18, 10−10)

(RN) γRN U(0,7)

DM variations ADM log10U(10−18, 10−10)

(DMv) γDM U(0,7)

Scattering variations ASv log10U(10−18, 10−10)

(Sv) γSv U(0,7)

Free chromatic noise AFCN log10U(10−18, 10−10)

(FCN) γFCN U(0,7)

χFCN U(0,7)

TABLE II: Six pre-defined noise models were used for
model selections. W, R, D, and S stand for white
noise, achromatic red noise, DM variations and
scattering variations, respectively. Red noise parameters
column gives the number of red noise parameters for
each model.

Model name Noise model Red noise

parameters

Model1(W) WN 0

Model2(WR) WN + RN 2

Model3(WRD) WN + RN + DMv 4

Model4(WDS) WN + DMv + Sv 4

Model5(WRDS) WN + RN + DMv + Sv 6

Model6(WD) WN + DMv 2

V. RESULTS AND DISCUSSION

This section presents the results of custom noise mod-
elling for each pulsar. One thing to note is that as
the InPTA DR1 parfiles contain DMXs that absorb the
DM variations, we remove them from the parfiles and fit
for DM1 and DM2 using TEMPO2. These final parfiles are
used for our noise analysis. We also remove T2EFACs
from our parfiles before using them for SPNA work.
In the initial step of EQUAD model selection, we find
that pulsars J0613−1224, J1012+5307, J1744−1134 and
J2124−3358 do not prefer EQUAD, while all the remain-
ing ten pulsars strongly prefer it. Overall, eight pulsars
J1012+5307, J1022+1001, J1643−1224, J1713+0747,
J1744−1134, J1909−3744, J1939+2134 and J2145−0750

show the presence of DMv in InPTA dataset. For three
pulsars J1643−1224, J1939+2134, and J2145−0750, we
can see from Table III that WRDS is preferred over other
models, i.e. all the red noises considered in this paper
are present in these pulsars. Except for J0751+1807
and J1600−3053, all the other pulsars support the red
noises in the InPTA data. Interestingly, we see scattering
variations for four pulsars in our sample: J1643−1224,
J1713+0747, J1939+2134, and J2145−0750. Six pulsars
J0751+1807, J1012+5307, J1022+1001, J1600−3053,
J1713+0747 and J1744−1134 do not show the presence of
achromatic red noise. Pulsars J1909−3744, J1939+2134
and J2145−0750 prefer the highest number of Fourier
modes for RN, denoting the presence of RN at high fre-
quencies. Similarly, Sv is present in high frequencies
for PSR J2145−0750, while only in low frequencies for
J1643−1224, J1713+0747 and J1939+2134.

J0437−4715

PSR J0437−4715 is one of the brightest pulsars ob-
served by InPTA. In the InPTA DR1, we can see achro-
matic red noise in the ToA residuals and do not find
significant DM variations in the DM time series, whereas
both these noises are present in PPTA for this pulsar [14].
As the Bayes factor for WRD over WR was inconclusive,
we selected WR because it has less number of free pa-
rameters. As the baseline for this pulsar is around one
year for InPTA, it could be one of the reasons for the
differences in models. To understand this, more work is
underway to characterize the jitter across frequencies as
we have simultaneous multi-band observations.
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TABLE III: The table contains the ln(BF) with respect to the selected model for each model for all 14 pulsars. The
zeroes, which are in bold text in each row, represent the selected model based on the Bayes factor and the simplicity
of the model. We used the maximum number of Fourier modes while performing the model selection for all pulsars.

Pulsar Model1 Model2 Model3 Model4 Model5 Model6

(W) (WR) (WRD) (WDS) (WRDS) (WD)

J0437−4715 -250.8 0 1.6 -94.8 0.7 -186.5

J0613−0200 -77.5 0 0 -8.4 -0.7 -14.1

J0751+1807 0 -0.6 -0.6 -0.9 -1.2 -0.2

J1012+5307 -8.2 -5.8 -0.2 0.1 -1.3 0

J1022+1001 -246.8 -85.6 2.0 0.2 1.1 0

J1600−3053 0 1.9 2.3 0.8 2.0 1.1

J1643−1224 -164 -150 -137 -16 0 -159

J1713+0747 -38 -34 -31 0 1 -30

J1744−1134 -48.4 -19.8 0.7 -0.6 0.2 0

J1857+0943 -6.0 0 0.3 -6.6 -1 -5.7

J1909−3744 -334.0 -132.2 0 -18.8 4.4 -43.5

J1939+2134 -1914.4 -1498.8 -557.5 -56.8 0 -729.7

J2124−3358 -15.1 0 -0.2 -4.8 -2.0 -4.4

J2145−0750 -150.4 -56.0 -30.8 -12.0 0 -33.7

J0613−0200

For this pulsar, again, we see slight variations in the
ToA residuals, while no such variations are seen in the
corresponding DM time series, where the ∆DMs have
precision up to the fourth decimal place. WR, WRD,
and WRDS have nearly the same value of Bayesian Ev-
idence, and WRD, WRDS have inconclusive Bayes fac-
tors over WR as seen in Table III. Hence, we select WR
based on it having fewer number of free parameters. We
also find that the noise model in PPTA [14] also contains
only achromatic red noise similar to our results, while
EPTA [15] contains additional DM variations.

J0751+1807

For this pulsar, Bayesian analysis suggests no signifi-
cant Bayes factors of models with any kind of red noise
over the white noise only model, i.e. W and hence, W
is chosen based on the simplicity of the model. The DM
time series and residuals from the InPTA DR1 also show

no significant variation over time, supporting the selected
noise model.

J1012+5307

In this pulsar, the DM variations are evident, especially
in the later part of the data, while no such variations are
observed in ToA residuals. The Bayes factor for WRD,
WDS, and WRDS with respect to WD is insignificant
as seen in Table III. Hence we select WD based on the
model’s simplicity. Also, the data before cycle 37 did not
have very high precision, causing large error bars on the
DM, but the subsequent data has high precision DMs,
where a discernible trend is evident. Hence, one expects
the DM variations to be the dominant noise process, and
Bayesian analysis favors the same. The prefered noise
model for this pulsar in EPTA [15] contains both achro-
matic red noise and DM variations. The lack of red noise
in InPTA DR1 could be due to the short data span and
large data gap for this pulsar.
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FIG. 1: (Left Panel): J1600−3053 posterior distributions of the chromatic index χFCN . (Right Panel): J1939+2134
posterior distributions of the chromatic index χFCN .

J1022+1001

For this pulsar, we again observe that the DM varia-
tions are conspicuous from cycle 37 data onward. Hence,
it seems to be the dominant process, with no discernible
variations in the ToA residuals. The Bayesian analysis
gives comparable evidences for WDS to WD with Bayes
factors close to one (see Table III), which implies there
is no preferred model among these. Therefore, we chose
WD as it had the smallest number of free parameters.
Our noise model also agrees with the PPTA noise model
for this pulsar [14].

J1600−3053

This pulsar does not show signatures of any type of red
noises based on Bayesian evidence, where all the models
show comparable Bayesian evidence values. This is reaf-
firmed by the analysis based on the free chromatic in-
dex, where the chromatic index is a one-sided distribution
with large error bars, as seen in Fig. 1. In contrast, the
amplitude and spectral index are unconstrained, which
implies that it encapsulates only the white noise. The
DM series and ToA residuals show no significant vari-
ations, supporting the Bayesian analysis result of W.
PPTA [14] and EPTA [15] report achromatic red noise
and DM variations (along with scattering variations in
the case of PPTA), and we also see scattering varia-
tions in DM time series in NANOGrav 12.5-year dataset
[35]. InPTA dataset for this pulsar begins where the
NANOGrav 12.5-year dataset terminates [21, 35], and
comparing the DMs between their last epoch (52.333508
pc/cm3) and our first epoch (with DMX) (52.3326 pc/cm3),
we observe the difference of 9 × 10−4 pc/cm3, which is

consistent within errors. Furthermore, we do not see any
significant scatter-broadening in the low-frequency obser-
vations of this pulsar. In addition, we also find that in
the NANOGrav 12.5-yr dataset, the DMs tend to stabi-
lize towards the end. A complete understanding of this
inconsistency shall be explored, but we suspect that the
DMs are stable across the 3.5 years InPTA dataset and
may have been variable before, as seen in NANOGrav
dataset along with EPTA [15].

J1643−1224

Bayesian analysis for this pulsar strongly prefers
WRDS, which has achromatic red noise, DM, and scat-
tering variations. Low-frequency observations of this pul-
sar confirm significant scatter-broadening, which varies
from epoch to epoch. In addition to that, DM variations
are also seen. From the DR1 plots, it is difficult to adju-
dicate between scatter broadening and DM variations as
both lead to similar exponential scatter, but DM varia-
tions seem very evident.

J1713+0747

PSR J1713+0747 strongly supports the WDS based on
the estimated Bayes factor, i.e. only DM and scattering
variations. This is one of the best-timed PTA pulsars,
and there seems to be very less achromatic red noise.
There are DM and scattering variations, but their am-
plitudes are very small. Overall, the pulsar seems to be
a good timer, provided these noise sources are included.
One thing to note is that the data does not include the
DM event [59] and profile change event [60]. There is
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very little scattering variation, as seen by other PTAs
[15], while our model contains it. This could be because
the InPTA dataset contains low-frequency data, which is
absent in the EPTA dataset, hence could be more sensi-
tive to detect this weak scattering, which may have been
missed in EPTA.

J1744−1134

The data span for this pulsar is only about six months;
hence it is difficult to make definitive conclusions about
the RN here. On the other hand, the DM variations
are evident in the DM time series. The Bayesian analy-
sis supports this and provides WD as the most selected
model. The selected model for this pulsar in EPTA [15]
has RN along with DMv, which is absent in InPTA data
due to a small time span, while Goncharov et al. [14]
obtain a similar model as ours.

J1857+0943

In this pulsar, the achromatic red noise is quite visi-
ble in the ToA residuals and seems to be the dominant
source, while there are no visible DM variations in the
DM time series. Bayesian model selection prefers WR,
which is expected based on our observations and supports
our claim. Goncharov et al. [14] model also contains DM
noise, which is absent in our modelling and can be due
to our relatively short data span.

J1909−3744

PSR J1909-3744 exhibits the best stability among the
PTA pulsars. Nevertheless, there are significant varia-
tions in the DM towards this pulsar in the InPTA DR1,
as seen from the DM time series. Our analysis indicates
strong evidence for WRD and WRDS, both of which in-
corporate achromatic red noise and DM noise. The latter
model also includes a GP corresponding to the variations
in scatter-broadening and is marginally favored over the
former by ln(Bayes Factor) of 4.4. However, this pul-
sar has no pulse broadening, even at 300 MHz. To in-
vestigate this further, we examined the parameters es-
timated for the different noise processes in WR, WRD,
and WRDS. The amplitude (at frequency of 1yr−1), and
high-frequency cut-off for the achromatic noise are con-
sistent for all these models (logARN ∼ −12.5 and γRN ∼
0.68), and so is the case for DM noise (logADMv ∼ −13.5
and γDMv ∼ 2) with DM noise process an order of mag-
nitude weaker than the achromatic red-noise with a much
larger frequency content than the latter. In contrast, the
noise process amplitude (at frequency of 1yr−1) repre-
senting the scatter broadening is two orders of magnitude
smaller than either the achromatic red-noise process or
the DM noise process with γ essentially consistent with

zero (in other words, consistent with no variations). We
further investigated this by using a GP with a free chro-
matic index. A model involving just the achromatic red
noise process with a chromatic process having a free in-
dex yields hyper-parameters similar to those of chromatic
red noise and the DM noise with a chromatic index of
2.4+0.19

−0.16, close to the expected chromatic index of 2 for
a DM noise process as seen in Fig. 2. Furthermore, pa-
rameter estimation with a model consisting of achromatic
red noise, DM noise, and chromatic process with a free
index again yields a two-order weaker free index process,
with significant error bars on the index (see Fig. 2 again).
Thus, there is no strong evidence for a scattering process
consistent with the absence of any observed scattering at
300 MHz despite marginally higher evidence for a scatter-
ing process. Hence, we have chosen WRD for this pulsar
which is the simpler model.

J1939+2134

PSR J1939+2134 is the oldest known MSP. For a long
time, it was assumed to be the most stable rotator [61].
Still, high-precision timing campaigns have shown that
not only does its rotation rate wander, but it also exhibits
significant DM and scatter-broadening variations. Ob-
servations near 300 MHz clearly show that the pulse pro-
file is scatter broadened at these frequencies [62]. Thus,
we needed to model the DM and scattering variations
apart from the achromatic red noise and white noise for
this bright but relatively distant PTA pulsar (WRDS ).
The posterior distributions of the relevant GP are shown
in Appendix B, while those of the full model are pre-
sented in Appendix C. As mentioned before, the GP rep-
resenting the scatter-broadening variations assumes Kol-
mogorov turbulence with a chromatic index of 4. Pre-
vious studies have shown that this is not true along all
lines of sight, and the chromatic index can go as low as
-0.7, i.e. shallower than Kolmogorov [63–65]. To inves-
tigate this, we used a FCN model apart from the usual
white noise, achromatic red noise, DM variations, and
scattering variations. While this incorporates an addi-
tional free parameter in terms of the chromatic index, we
find that the corresponding FCN parameters to be well
constrained, as can be seen in Fig. 1 with χFCN ∼ 2.86,
and log10 AFCN ∼ -12.58, which is much greater than
conventional scattering variation model with chromatic
index 4, and comparable with other red noise amplitudes
(see Table IV). This indicates that for this pulsar, the
chromatic index does not agree with Kolmogorov turbu-
lence with chromatic index 4. We plan to investigate this
further from direct measurements.

J2124−3358

The selected model for this pulsar is WR, as WRD and
WR have comparable Bayesian evidence, and hence, in-
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FIG. 2: (Left Panel): J1909−3744 posterior distributions of the chromatic index χFCN with the noise model
containing WN and RN. (Right Panel): J1909−3744 posterior distributions of the chromatic index χFCN with the
noise model containing WN, RN and DMv.

conclusive Bayes factor for WRD over WR. Therefore,
WR is chosen based on fewer number of free parame-
ters. Although, the ToA residuals have large error bars in
InPTA DR1, slight achromatic red noise is visible. At the
same time, the high precision ∆DM estimates vary only
in the fourth decimal place, and hence do not showing
significant DM variations, which supports the selected
model.

J2145−0750

For PSR J2145−0750, we obtain WRDS as the
strongly preferred using Bayesian model selection, sug-
gesting the presence of achromatic red noise, as well as
DM and scattering variations. In the DR1 plots, we see
in ToA residuals that there is a small amplitude achro-
matic red noise variation over a large time scale, and we
see in the DM series there are short time scale small am-
plitude DM variations. Scattering noise is not evident as
it is difficult to see small scattering in DM series due to
smaller amplitude than DM noise in this case.

VI. CONCLUSIONS

We have used the InPTA DR1 data set to carry out
noise analysis for individual pulsars. Using Bayesian in-
ference, we have chosen the most optimum noise models
for each pulsar in our data set (see Table III). We have
also estimated the optimum number of Fourier modes for
the red noise analysis for each pulsar. Even with a rel-
atively modest timing baseline of 3.5 years, 8 out of 14
pulsars show a clear presence of red noise. Finally, given

the unique low-frequency coverage of the InPTA data set,
we were able to constrain the DM noise for eight pulsars
while also detecting scatter-broadening variations in four
pulsars (see Table IV). While our results are broadly in
agreement with the other PTAs, we would like to note
the well-constrained DM and scatter-broadening varia-
tions, even with a short timing baseline. The shallow
spectral indices for achromatic red noise for most of the
pulsars can be attributed either to the short timing base-
line, which is roughly one-fifth of the timespan when com-
pared to other PTAs, or a gap in our observations. The
most noteworthy result from our analysis was obtained
for PSR J1939+2134, where we found the residual chro-
matic noise with a χ ∼ 2.86, with two orders larger am-
plitude than scattering variation with χSv = 4, providing
an indication towards scattering index that doesn’t agree
with that expected for a Kolmogorov scattering medium.
Also, for PSR J1909−3744, we find no significant scatter-
ing variations in profiles that are present in other PTAs
noise models and found using the FCN model that resid-
ual DMv was masquerading as scattering variations. This
exemplifies the pivotal role of InPTA data towards mod-
elling the noise budget of pulsars in the IPTA data set,
especially in the cases of pulsars whose noise budget is
dominated by variations in the delays caused by the ISM.
In a followup work, we shall also produce band 3+5 ToAs
using the wideband technique [66, 67], and also plan to
perform noise analysis on the wideband dataset in the
future.

In this work, we have performed single pulsar noise
analysis (SPNA), where we implement Bayesian analysis
to only fit for the noise models, while keeping the pa-
rameters from TEMPO2 parameter file as best fits. But
we also plan to perform single pulsar noise and tim-
ing analysis (SPNTA) in the future, where we fit for
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all the parameters, including noise as well as parame-
ters from TEMPO2 parameter file. This will facilitate a
robust search for gravitational bursts in the InPTA data,
and also would answer many questions about the utility
of the low-frequency data in modeling and mitigating the
ISM contribution in the overall noise budget of the IPTA
pulsars.
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Appendix B: Red noise posterior plots for all pulsars

Here, we provide the posteriors plots for each noise
component present for all the pulsars, which can be found
in Fig 3.

Appendix C: Full corner plots for all pulsars

The marginalized posterior credible intervals with
white and red noises for each pulsar are shown here in
FIG.4 on page 19.
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FIG. 3: 1D marginalized posterior distributions with 68%,90%,99% credible intervals for red noise components
present in respective pulsars.
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FIG. 3(A): J0437−4715 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise for
WR model.
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FIG. 3(B): J10613−0200 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise for
WR model.
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FIG. 3(C): J1012+5307 posterior distributions with 68%,90%,99% credible intervals for DMv for WD model.
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FIG. 3(D): J1022+1001 posterior distributions with 68%,90%,99% credible intervals for DMv for WD model.
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FIG. 3(E): J1643−1224 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise, DMv
and Sv for WRDS model.
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FIG. 3(F): J1713+0747 posterior distributions with 68%,90%,99% credible intervals for DMv and Sv for WDS
model.
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FIG. 3(G): J1744−1134 posterior distributions with 68%,90%,99% credible intervals for DMv for WD model.
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FIG. 3(H): J1857+0943 68%,90%,99% credible intervals for achromatic red noise for WR model.
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FIG. 3(I): J1909−3744 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise and
DMv for WRD model.
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FIG. 3(J): J1939+2134 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise, DMv
and Sv for WRDS model.
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FIG. 3(K): J2124−3358 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise for
WR model.
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FIG. 3(L): J2145−0750 posterior distributions with 68%,90%,99% credible intervals for achromatic red noise, DMv
and Sv for WRDS model.
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FIG. 4: Posterior distributions with 68%,90%,99% credible intervals for all noise components present in respective
pulsars. For white noises, we used abbreviations such that B3 and B5 stand for band3 and band5 data, followed by
A or B, which denotes pre-cycle36 or post-cycle36 data respectively. EFAC is efac while EQ is log10_t2equad
(for eg: B5BEQ is log10_t2equad for band5 post-cycle36 data).
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FIG. 4(A): J0437−4715 posterior distributions with 68%,90%,99% credible intervals for white noise and achromatic
red noise for WR model.
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FIG. 4(B): J0613−0200 posterior distributions with 68%,90%,99% credible intervals for white noise and achromatic
red noise for WR model.
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FIG. 4(C): J0751+1807 posterior distributions with 68%,90%,99% credible intervals for white noise for W model.
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FIG. 4(D): J1012+5307 posterior distributions with 68%,90%,99% credible intervals for white noise and DMv for
WD model.
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FIG. 4(E): J1744−1134 posterior distributions with 68%,90%,99% credible intervals for white noise and DMv for
WD model.
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FIG. 4(F): J1022+1001 posterior distributions with 68%,90%,99% credible intervals for white noise and DMv for
WD model.
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FIG. 4(G): J1600−3053 posterior distributions with 68%,90%,99% credible intervals for white noise for W model.
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FIG. 4(H): J1643−1224 posterior distributions with 68%,90%,99% credible intervals for white noise, achromatic red
noise, DMv and Sv for WRDS model.
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FIG. 4(I): J1713+0747 posterior distributions with 68%,90%,99% credible intervals for white noise, DMv and Sv for
WDS model.
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FIG. 4(J): J1857+0943 posterior distributions with 68%,90%,99% credible intervals for white noise and achromatic
red noise for WR model.
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FIG. 4(K): J1909−3744 posterior distributions with 68%,90%,99% credible intervals for white noise, achromatic red
noise and DMv for WRD model.
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FIG. 4(L): J1939+2134 posterior distributions with 68%,90%,99% credible intervals for white noise, achromatic red
noise, DMv and Sv for WRDS model.
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FIG. 4(M): J2124−3358 posterior distributions with 68%,90%,99% credible intervals for white noise and achromatic
red noise for WR model.
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FIG. 4(N): J2145−0750 posterior distributions with 68%, 90%, 99% credible intervals for white noise, achromatic
red noise, DMv and Sv for WRDS model.
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