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ABSTRACT

We report the detection of the kinetic Sunyaev-Zel’dovich (kSZ) effect in galaxy clusters with a 4.9σ significance using the latest
217 GHz Planck map from data release 4. For the detection, we stacked the Planck map at the positions of 30 431 galaxy clusters
from the Wen-Han-Liu (WHL) catalog. To align the sign of the kSZ signals, the line-of-sight velocities of galaxy clusters were
estimated with a machine-learning approach, in which the relation between the galaxy distribution around a cluster and its line-of-
sight velocity was trained through a convolutional neural network. To train our network, we used the simulated galaxies and galaxy
clusters in the Magneticum cosmological hydrodynamic simulations. The trained model was applied to the large-scale distribution of
the Sloan Digital Sky Survey galaxies to derive the line-of-sight velocities of the WHL galaxy clusters. Assuming a standard β-model
for the intracluster medium, we obtained the gas mass fraction in R500 to be fgas,500 = 0.09 ± 0.02 within the galaxy clusters with the
average mass of M500 ∼ 1.0 × 1014 h−1 M�.

Key words. galaxies: clusters: general – galaxies: clusters: intracluster medium – large-scale structure of Universe –
cosmic background radiation

1. Introduction

Galaxy clusters are the largest gravitationally bound structures
in the Universe and are used as probes of cosmology and astro-
physics. These massive objects imprint their signature on the
cosmic microwave background (CMB) through the Sunyaev-
Zel’dovich (SZ) effect (Sunyaev & Zeldovich 1970, 1972, 1980).
The SZ effect is caused by the scattering of CMB photons by hot
and ionized plasma in the intracluster medium (ICM), giving rise
to a change in the CMB temperature. The SZ effect is classified
into two contributions: the thermal Sunyaev-Zel’dovich (tSZ)
effect and the kinetic Sunyaev-Zel’dovich (kSZ) effect (Sunyaev
& Zeldovich 1980).

The kSZ effect is caused by the scattering of CMB photons
off the electrons due to the peculiar motion of a galaxy clus-
ter, leading to a Doppler shift of the CMB blackbody spectrum.
While the kSZ effect is elusive due to its small amplitude and
identical spectral signature to the CMB, it has great potential
in constraining both cosmological (Bhattacharya & Kosowsky
2008; Alonso et al. 2016; Ma & Zhao 2014; Mueller et al. 2015;
Bianchini & Silvestri 2016; Madhavacheril et al. 2019; Kuruvilla
& Aghanim 2021; Kuruvilla 2022) and astrophysical models.
Although the use of kSZ to constrain cosmological models is
still limited due to the weakness of the signal, several studies
used the kSZ effect to measure the optical depth or gas mass
fraction in galaxy clusters (e.g., Planck Collaboration XXXVII
2016; Schaan et al. 2016; Soergel et al. 2016; De Bernardis et al.
2017; Sugiyama et al. 2018; Lim et al. 2020; Tanimura et al.
2021). Because the kSZ effect is sensitive to the virialized gas

and also to the gas surrounding halos, independent of its tem-
perature (unlike the tSZ effect), it is well suited for studying the
gas distribution around galaxy clusters. kSZ can hence poten-
tially be used to solve the debate as to whether a significant
fraction of diffuse gas is present around halos as a circumgalac-
tic medium or whether the gas, once expelled because of feed-
back processes such as star formation, supernovae, and active
galactic nuclei (AGNs), is never accreted onto the halos (e.g.,
Planck Collaboration XI 2013; Anderson et al. 2015; Le Brun
et al. 2015).

The kSZ signal has so far been detected for a few indi-
vidual systems (e.g., Sayers et al. 2013; Adam et al. 2017) or
by statistical measurements such as the pairwise method (e.g.,
Hand et al. 2012; Hernández-Monteagudo et al. 2015; Planck
Collaboration XXXVII 2016; Soergel et al. 2016; De Bernardis
et al. 2017), cross-correlation method (Hill et al. 2016), and the
technique of angular redshift fluctuations (Chaves-Montero et al.
2021). In addition to these approaches, an optimized stacking
analysis was used by Schaan et al. (2016, 2021), and Tanimura
et al. (2021) (hereafter T21). T21 estimated peculiar velocities
of galaxy groups and clusters through the distribution of their
surrounding galaxies from the Sloan Digital Sky Survey (SDSS)
(Reid et al. 2016) based on the linearized continuity equation
and used the peculiar velocities to align the signs of the kSZ
signals and stack them. While a linearized continuity equation
was used to estimate the peculiar velocities in those studies, a
deep learning technique was recently used by Wu et al. (2021) to
reconstruct the cosmic velocity field from the dark matter den-
sity field in numerical simulations.
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In the present study, we extend this approach to real data
using the training on galaxy distribution derived from hydrody-
namical simulations instead of dark matter distribution. We use
a new machine-learning approach to estimate the line-of-sight
(LOS) velocities of galaxy clusters based on their surrounding
galaxy distribution. The purpose is to apply our trained model
to actual data and use the estimated LOS velocities to detect the
kSZ signal of galaxy clusters. The paper is organized as follows.
Section 2 summarizes datasets used in our analyses. Section 3
explains the LOS velocity reconstruction of galaxy clusters.
Sections 4 and 5 present the stacking method and the detection
of the kSZ signals. The interpretation of the measurements is
presented in Sect. 6. We end this paper with discussions and con-
clusions in Sect. 7.

Throughout this work, all masses are quoted in units of solar
mass divided by the present value of the Hubble parameter h,
and M∆ is mass enclosed within a sphere of radius R∆ such that
the enclosed density is ∆ times the critical density at redshift
z. For the Hubble constant, we used H0 = 70.4 km s−1 Mpc−1

from Komatsu et al. (2011) in our data analysis, but we obtain
consistent results using the value from the Planck cosmology in
Planck Collaboration XIII (2016). Uncertainties are given at the
1σ confidence level.

2. Data

2.1. Galaxy cluster catalog

A total of 158 103 galaxy groups and clusters (hereafter WHL
galaxy clusters) were identified by Wen et al. (2012) and Wen
& Han (2015) using the SDSS galaxies in the redshift range
between 0.05 and 0.8, of which 89% have spectroscopic red-
shifts. The masses of the WHL galaxy clusters were estimated
from their total luminosity and were calibrated by the masses
of 1191 clusters using X-ray or tSZ measurements. From this
cluster catalog, T21 selected the WHL galaxy clusters with
spectroscopic redshifts at 0.25 < z < 0.55 and masses of
M500 > 1013.5 h−1 M�. These authors also removed galaxy clus-
ters if their surroundings were largely masked by the Galac-
tic and point-source masks produced by the Planck collabora-
tion for their analysis of the CMB and SZ maps (see Sect. 2.3
for the masks). This selection resulted in the 30 431 galaxy
clusters used in T21, which we also use in the present
study.

2.2. Galaxy catalog

To estimate the peculiar velocities of WHL galaxy clusters,
T21 used the Baryon Oscillation Spectroscopic Survey (BOSS)
LOWZ galaxies and constant-mass (CMASS) galaxies in Reid
et al. (2016). This sample is composed of 953 193 galaxies in
the northern Galactic hemisphere and 372 542 in the southern
Galactic hemisphere. The completeness of the galaxies is stated
to be 99% for CMASS and 97% for LOWZ. Spectroscopic data
are available for all the galaxies, and their redshifts extend up
to z ∼ 0.8. T21 limited their analysis to the redshift range of
0.25 < z < 0.55, in which the number density of the galaxies in
the survey volume is fairly flat (see Fig. 11 in Reid et al. 2016).
In the present analysis, we also limit to this redshift range.

2.3. Planck maps from PR3

T21 used the Planck all-sky map at 217 GHz from the Planck
2018 data release (Planck Collaboration III 2020) for the detec-

tion of the kSZ signal1. This frequency corresponds to the
null frequency of the tSZ effect. To minimize the Galactic and
extragalactic contamination, T21 applied the mask produced
by the Planck team for the analysis of the CMB temperature
maps, which masks the region around the Galactic plane and
the point sources detected at all the Planck frequencies (see
Table C.1 in Planck Collaboration IV 2020). In addition, T21
used a more robust point-source mask, masking radio and
infrared sources used for the analysis of the Compton y maps
(Planck Collaboration XXII 2016). Combining these two masks
excludes ∼50% of the sky. We also use these Planck maps and
masks to compare our results with those of T21.

2.4. Planck maps from PR4

We also apply our new approach on the latest Planck PR4
data (Planck Collaboration LVII 2020)2. The Planck PR4 data
include several improvements compared to the previous data
release, namely the use of foreground polarization priors dur-
ing the calibration stage to break scanning-induced degenera-
cies, the correction of bandpass mismatch at all frequencies,
and the inclusion of 8% more data collected during repointing
maneuvers, and so on. These improvements reduced noise and
systematic effects in the frequency maps at all angular scales
and yielded better internal consistency between the various fre-
quency bands.

Planck Collaboration split data into two sets and produced
two maps at each frequency, which they called half-ring maps.
The difference between the two half-ring maps cancels out the
astrophysical emissions and can be used as noise maps of the
band maps. We use these noise maps for our null tests.

2.5. Magneticum simulation

For the training and test of our machine-learning approach, we
use the Magneticum simulation, which is one of the largest cos-
mological hydrodynamical simulations (Hirschmann et al. 2014;
Dolag 2015), and is based on the standard ΛCDM cosmology
from Komatsu et al. (2011) with Ωm = 0.272, Ωb = 0.046,
and H0 = 70.4 km s−1 Mpc−1. Several simulation boxes with
different sizes and resolutions3 were produced, of which we
use “Box0” with the largest box size of 2688 h−1 Mpc using
2 × 45363 particles for dark matter and baryons, including the
post-processed data of the galaxy catalog and the cluster cata-
log. In particular, we used the simulation data from “snapshot
25” at z ∼ 0.47, corresponding to the median redshift of the
WHL galaxy clusters used in our analysis.

3. Machine-learning reconstructed LOS velocities

3.1. Training with the Magneticum simulation

We trained our network to learn the correlation between the LOS
velocities of galaxy clusters and their surrounding galaxies using
the Magneticum simulation. The three-dimensional (3D) veloc-
ity of galaxy clusters (vx, vy, and vz) is provided by the simula-
tion. We define vz as LOS velocity in the simulation. We note
that we did not train for velocities in other directions than LOS
1 This map was provided in HEALpix (http://healpix.
sourceforge.net/) format (Górski et al. 2005) with a pixel
resolution of Nside = 2048 (∼1.7 arcmin).
2 https://irsa.ipac.caltech.edu/data/Planck/release_3/
ancillary-data/HFI_Products.html#hfiallskymaps
3 The associated data are available at http://www.magneticum.
org/simulations.html
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Fig. 1. Estimated LOS velocities of simulated galaxy clusters in the Magneticum simulations with our machine-learning approach compared to the
true values. X-axis: true LOS velocities of simulated galaxy clusters in the Magneticum simulations. Y-axis: estimated LOS velocities of the same
galaxy clusters with our machine-learning approach in Sect. 3.1 when the RSD effect is not included (left) and included (right). The projected
distributions along the X-axis and Y-axis are shown on the top and right panels. In addition, the result of the linear fit is shown between the true
and estimated LOS velocities as the red dashed line, which is compared to the case where they are equal, which is shown by the blue dashed line.

because they are irrelevant for our purposes to detect the kSZ
signal.

First, we reproduced the selection performed on the “real”
data to construct “mock” data. We removed simulated galaxy
clusters with M500 < 1013.5 h−1 M� (minimum mass of the
WHL galaxy clusters in our analysis) and also removed simu-
lated galaxies with M∗ < 1.0 × 1010 h−1 M� so that the number
density of galaxies is the same as in the real data. Second, we
constructed a grid coordinate system around each galaxy cluster
from the simulations as in T21. The authors placed a galaxy clus-
ter at the center in a cubic box of∼2503 h−1 Mpc, in which the 3D
box was divided into grid cells of 53 h−1 Mpc. Then, T21 placed
galaxies around the galaxy cluster in the box cells and calculated
the galaxy overdensities. The grid size was determined to be large
enough compared to the length expected from redshift-space dis-
tortion (RSD): the RSD for a typical velocity of 300 km s−1 is
∼3 h−1 Mpc at the corresponding redshift range. Box cells were
then smoothed by a Gaussian kernel of 2 h−1 Mpc to remove sharp
grid edges. In our present analysis, the grid size is modified to be
10 h−1 Mpc because the same grid size as T21 causes a memory
issue during our training process. Third, we split the simulation
box of 2688 (h−1 Mpc)3 into eight independent regions and used
seven for the training and validation (the number of galaxy clus-
ters in this volume is 418 374) and one for the test (where the
number of galaxy clusters is 59 767). Finally, we input a series
of 253 voxels corresponding to the 3D galaxy overdensity fields
around galaxy clusters into our convolutional neural network and
train our network for the LOS velocities of the galaxy clusters. For
comparison, we changed the size of the box from 2503 h−1 Mpc
to 2103 h−1 Mpc and ∼2903 h−1 Mpc, but our kSZ measurements
were consistent within the 1σ uncertainty.

3.2. Neural network architecture

We adopt a convolutional neural network (CNN) architecture
(Chollet 2018). The overall structure of our network is designed
as follows.

A series of 253 voxels with a volume of 103 h−1 Mpc per
voxel, corresponding to galaxy overdensity fields with a size of
2503 h−1 Mpc, are fed into a CNN with three convolutional lay-

ers to capture the abundant features in the 3D fields. Each con-
volutional layer is designed to have a “relu” activation function
and “same” padding so that the outputs have the same dimen-
sion as the inputs. Each layer is then passed to the Maxpooling
layer to decrease the dimension by half. This step helps reduce
the number of parameters to learn and the number of computa-
tions performed in the network. The first, second, and third lay-
ers consist of 16, 32, and 64 filters, respectively, each of which
has a shape of 33. We changed the number of filters from 16, 32,
and 64 to 32, 64, and 128, but our kSZ measurements were con-
sistent within the 1σ uncertainty. Thus, we used the lower num-
ber of filters to reduce the number of parameters to learn and the
amount of computations in the network. Finally, the output of the
three convolutional layers is fed into two fully connected dense
neural layers: the first layer with 64 output units and the second
with one output unit, which corresponds to the LOS velocity of a
galaxy cluster. The learning process is configured with the opti-
mizer and loss function that our model uses. We use “rmsprop”
for optimizer and “mse” for loss function.

3.3. Test with the Magneticum simulation

We checked the validity of our machine-learning approach using
the test-set in the Magneticum simulation. The first test was per-
formed with the mock galaxies in the simulations. We applied
our trained model in Sect. 3.1 to the galaxy clusters and their sur-
rounding galaxy overdensity fields in the test-set and estimated
their LOS velocities. The result is displayed in the left panel of
Fig. 1. The figure shows a positive correlation between the true
(vtrue) and estimated (vCNN) LOS velocities. To check the bias in
the estimated velocities, we fit them with a linear equation and
found little bias with vCNN = 1.01×vtrue+5.7 [km s−1]. The differ-
ence between the true and estimated velocities gives the uncer-
tainty associated with our approach, which was estimated to be
∆v ∼ 189 km s−1. For comparison, we used the method in Sect. 3
of T21 and estimated the LOS velocities of the galaxy clusters
(vT21) in the same test-set. The result is shown in the left panel
of Fig. 2. Again, to check the bias in the estimated velocities, we
fit the true and estimated velocities with a linear equation, and
almost no bias was found with vT21 = 0.99× vtrue−27.0 [km s−1].
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Fig. 2. Estimated LOS velocities of simulated galaxy clusters in the Magneticum simulations by the T21’s method compared to the true values.
X-axis: true LOS velocities of simulated galaxy clusters in the Magneticum simulations. Y-axis: estimated LOS velocities of the same galaxy
clusters computed using the method in T21 with the galaxy bias of b = 2 when the RSD effect is not included (left) and included (right). The
projected distributions along the X-axis and Y-axis are shown in the top and right panels. In addition, the result of the linear fit is shown between
the true and estimated LOS velocities as the red dashed line, which is compared to the case where they are equal, which is shown by the blue
dashed line.

The uncertainty in the estimated velocities was obtained to be
∆v ∼ 187 km s−1, nearly equivalent to the value derived with our
machine-learning approach.

To construct the model for application to the actual data,
we then added RSD to the galaxies (Eq. (11) in Hogg 1999)
in the simulations and re-trained our model. We note that we
did not re-identify galaxy clusters in the redshift space but used
the same galaxy clusters with their positions redshifted. We
applied our re-trained model to the galaxy clusters and their
galaxy overdensity fields in the test-set and estimated their LOS
velocities. The result is displayed in the right panel of Fig. 1.
The estimated LOS velocities show a positive correlation with
the true LOS velocities, but give a slightly lower value with
vCNN = 0.95 × vtrue + 19.0 [km s−1]. The uncertainty in the esti-
mated velocities was obtained to be ∆v ∼ 232 km s−1. For com-
parison, we again used the method in T21 and estimated the LOS
velocities of the galaxy clusters in the same test-set. The result
is shown in the right panel of Fig. 2. The estimated LOS veloc-
ities show a slightly higher value than the true LOS velocities
with vT21 = 1.14 × vtrue − 40.1 [km s−1]. The uncertainty in the
estimated velocities was obtained to be ∆v ∼ 302 km s−1. In sum-
mary, the bias in the estimated LOS velocities with our machine-
learning approach is reduced to ∼5% compared to the bias of
∼14% with the method in T21. In addition, its uncertainty with
our machine-learning approach is reduced to ∆v ∼ 232 km s−1

compared to ∆v ∼ 302 km s−1 with the method in T21, indicating
an improvement with our machine-learning approach compared
to the method in T21.

3.4. LOS velocities of WHL galaxy clusters

We applied our trained model with machine learning in Sect. 3.1
to the SDSS galaxy distribution around the WHL galaxy clus-
ters to estimate the LOS velocities of the clusters. We then com-
pared the estimated LOS velocities with the ones computed by
the method in T21 in Fig. 3. Our LOS velocities from machine
learning are slightly lower by 14% than those estimated with
the approach in T21 with their relation of vCNN ∼ 0.86 × vT21 +
41.7 [km s−1].

Fig. 3. Estimated LOS velocities of the WHL galaxy clusters with our
machine-learning approach and the method in T21. The projected dis-
tributions along the X-axis and Y-axis are shown in the top and right
panels. In addition, the result of the linear fit is shown between the two
approaches as the red dashed line, which is compared to the case where
they are equal, which is shown by the blue dashed line.

This difference is expected from the tests in Sect. 3.3
using the test-set in the Magneticum simulations. Our machine-
learning approach estimated the LOS velocities to be lower than
the true values by ∼5%, and the T21 approach did higher by
∼14%. Thus, the expected difference between these approaches
is a factor of 0.95/1.14 ∼0.83 in the simulations, which is similar
to the value of ∼0.86 in the real data in Fig. 3.

4. Stacking analysis

We performed the stacking analysis to detect the kSZ signals
from the WHL galaxy clusters using the same method as in T21
but replacing their LOS velocities with those estimated from
our machine-learning approach. We stacked the Planck map
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Fig. 4. Filter applied to the Planck maps. The filter is a smooth function
with its response of one below 15 arcmin (` ∼ 720) and zero above
30 arcmin (` ∼ 360). With this filter, the primordial CMB fluctuations
in black are suppressed to the ones in red.

from PR3 used in T21 and also the Planck map from the latest
PR4. The latest Planck data have reduced statistical and system-
atic uncertainties, which provide more accurate and precise kSZ
measurements.

Following T21, we first applied the filter shown in Fig. 4.
This filter reduces the contaminating contribution from the pri-
mordial CMB fluctuations. The amplitude of the primordial
CMB fluctuations is on the order of ∼100 µK, while the ampli-
tude of the kSZ signal around galaxy clusters is on the order
of ∼1 µK, much weaker than the CMB. Therefore, to increase
the signal-to-noise ratio (S/N) of the kSZ signal, we filtered out
signals at large scales above 30 arcmin (` ∼ 360) that are domi-
nated by the CMB, and kept signals at small angular scales below
15 arcmin (` ∼ 720), where the kSZ signal from the WHL galaxy
clusters is dominant. (The angular size of the virial radius of the
WHL galaxy clusters is 2.2−10.5 arcmin.) With this filter, the
standard deviation of the primordial CMB fluctuations is reduced
to ∼40 µK.

Second, we placed each galaxy cluster at the center of a two-
dimensional grid in “scaled” angular distance in the range of
−10 < θ/θ500 < 10, divided into 10 × 10 bins, where θ500 is
the angular radius of a galaxy cluster calculated with R500 pro-
vided in the WHL cluster catalog. The Planck maps were scaled
accordingly, and the data were placed on the two-dimensional
grids, while the data in the masked region were not used.

Third, using the scaled maps, we stacked the data into radial
bins, which were also weighted by the LOS velocity and the vari-
ance of temperature values within 10 × θ500 for each cluster as
follows.

T (R) =

∑
i Ti(R) × vi,LOS/σ

2
i∑

i |vi,LOS|/σ
2
i

, (1)

where Ti(R) is the temperature value of the ith cluster at the
radial distance, R, vi,LOS is the LOS velocity of the ith cluster,
and σi is the variance of temperature values within the region
we consider (10 × θ500) centered on the ith cluster. The weight
allows us to align the signs of the kSZ signals given that there is
an equal probability that a cluster will have a positive or negative
LOS velocity, and the associated kSZ signal from clusters can-

Fig. 5. Velocity-weighted kSZ radial profile around the 30 431 WHL
galaxy clusters using the CNN-estimated LOS velocities and the Planck
PR4 temperature map at 217 GHz (CNN PR4, red). The 1σ uncertainty
is estimated by a bootstrap resampling. It is compared to the kSZ radial
profile using the CNN-estimated LOS velocities and the Planck PR3
temperature map at 217 GHz (CNN PR3, blue). It is also compared to
the kSZ radial profile in T21 using the Planck PR3 temperature map at
217 GHz (T21 PR3, black) with the 1σ uncertainty in gray.

cels out by a simple stacking4. A positive kSZ signal weighted
by a negative LOS velocity has a negative signal, and a negative
kSZ signal weighted by a positive LOS velocity also has a neg-
ative signal. Therefore, the kSZ signals can be stacked without
any cancelation, while other components are canceled out. As an
additional advantage, a galaxy cluster with a low LOS velocity
(i.e., a weak kSZ signal) is underweighted in this stacking.

Finally, the stacked radial profile of the WHL galaxy clus-
ters is computed. We assessed the uncertainties of the stacked
profile through bootstrap resampling: We drew a random sample
of the 30 431 galaxy clusters with replacement and re-calculated
one stacked profile for the new set of 30 431 galaxy clusters. We
repeated this process 1000 times and produced the 1000 stacked,
bootstrapped profiles with which the covariance between differ-
ent radial bins was computed.

5. kSZ detection from WHL galaxy clusters

5.1. kSZ detection with Planck PR3 maps

We stacked the Planck PR3 data at 217 GHz using the LOS
velocities from T21 (T21 PR3) and our machine-learning
approach (CNN PR3) in Fig. 5. As expected, the reduced uncer-
tainties in the CNN-derived velocity estimate induce a better S/N
in the kSZ measurements. The oscillating angular pattern seen in
the stacked radial profile is the result of the convolution of kSZ
and CMB with the filter, as discussed in T21. We refer to this
profile as the velocity-weighted kSZ profile from now on.

We estimated the excess of the measured velocity-weighted
kSZ profile with respect to the null hypothesis. The S/N can be

4 We define “positive” LOS direction as a radial direction from us: a
positive motion is a motion moving away from us, and a negative motion
is a motion approaching us. It follows that when a galaxy cluster has
a positive motion, the CMB is redshifted, resulting in a negative kSZ
signal. On the other hand, when a galaxy cluster has a negative motion,
the CMB is blueshifted, resulting in a positive kSZ signal.
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Fig. 6. Velocity-weighted kSZ radial profile around the 30 431 WHL galaxy clusters with the Planck PR4 temperature map at 217 GHz (black)
compared to the ones from three null tests and a simulated CMB map. Top left panel: clusters are displaced at random positions on the Planck
map, and then stacked. This process is repeated 1000 times and the mean of the 1000 random samples is computed (cyan). The 1σ uncertainty is
estimated by computing a standard deviation of the 1000 random samples. Top right panel: results from cluster stacking after randomly shuffling
the LOS velocities of the clusters; this process is repeated 1000 times and the mean of the 1000 velocity-shuffled profiles is computed (yellow).
The 1σ uncertainty is estimated by computing a standard deviation of the 1000 velocity-shuffled profiles. Bottom left panel: the clusters are stacked
with a noise map produced by (T HM1

217 − T HM2
217 )/2, where T HM1(2)

217 is the half mission 1(2) Planck map at 217 GHz (green). Bottom right panel: the
clusters are stacked with a simulated CMB map (magenta). In both instances, the 1σ uncertainty is estimated using a bootstrap resampling.

estimated as

S/N =

√
χ2

data − χ
2
null, (2)

where

χ2
data =

∑
i, j

Tdata(Ri)T (C−1
i j ) Tdata(R j), (3)

χ2
null =

∑
i, j

Tnull(Ri)T (C−1
i j ) Tnull(R j), (4)

where Tdata(Ri) is the temperature value at the Ri bin of the data
kSZ profile, Tnull(Ri) is the temperature value at the Ri bin under
the null hypothesis, which is zero, and Ci j is the covariance
matrix of the data profile estimated by the bootstrap resampling.
By measuring the kSZ signal up to 4 × θ500, the S/N was esti-
mated to be ∼4.7σ, compared to ∼3.5σ in T21.

5.2. kSZ detection with Planck PR4 maps

We replaced the Planck map from PR3 with the one from the lat-
est PR4 and performed the stacking analysis. The result is shown

in Fig. 6. The 1σ statistical uncertainty is shown as the shaded
area, corresponding to the square root of diagonal terms of the
covariance matrix estimated by a bootstrap method.

To confirm the excess, we performed three Monte Carlo-
based null tests, as in T21. In the first null test, we displaced the
centers of the galaxy clusters to random positions on the sky and
then stacked the Planck maps at these random positions. This
process is repeated 1000 times to assess the rms fluctuations of
the foreground and background signals. This result is shown in
cyan in the top left panel of Fig. 6 with the rms fluctuations. In
the second null test, we randomly shuffled the LOS velocities
of the galaxy clusters, and then the clusters were stacked with
weights based on the shuffled LOS velocities. This process sets
the correlation between LOS velocities and clusters to zero. This
shuffling process was repeated 1000 times, and we evaluated the
mean and standard deviation of the 1000 stacked profiles with
shuffled velocities. The result is shown in yellow in the top right
panel of Fig. 6 with the rms fluctuations. In the third null test,
we stacked with a noise map produced from (T HM1

217 − T HM2
217 )/2,

where T HM1(2)
217 is the half mission 1(2) Planck map at 217 GHz.

The result is shown in green in the bottom left panel of Fig. 6
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with the one σ uncertainties. This result suggests that the contri-
bution from instrumental noise is minor. As a conclusion from
the three null tests, the average of the null-test profiles is consis-
tent with zero, suggesting that our measurements are unbiased.

To check the contribution to the uncertainty from the primor-
dial CMB fluctuations, we simulated a primordial CMB fluc-
tuation map based on the WMAP7 cosmological parameters
(Komatsu et al. 2011), applied the same filter on the map as for
the real data, and performed the stacking analysis. The result is
shown in magenta in the bottom right panel of Fig. 6 with the one
σ uncertainties. This result suggests that the uncertainty in our
measurement is dominated by the primordial CMB fluctuations.

Finally, we estimated the excess of the measured velocity-
weighted kSZ profile to the null hypothesis. The S/N was esti-
mated to be ∼4.9σ.

6. Gas mass fraction in WHL galaxy clusters

In this section, we model our kSZ measurements and estimate
the gas mass fraction in the WHL galaxy clusters. The relative
variation of CMB temperature due to the kSZ effect is given by

∆Tksz

TCMB
= −σT

∫
ne

(
u · n̂

c

)
dl ' −τ

(
u · n̂

c

)
, (5)

where σT is the Thomson scattering cross section, c is the speed
of light, ne is the electron number density, and u · n̂ represents the
peculiar velocity of electrons along the line of sight. The inte-
gral, τ = σT

∫
nedl, is performed assuming that the typical cor-

relation length of LOS velocities (given by u · n̂) is much larger
than the gas density correlation length (∼5 h−1 Mpc). Thus, the
velocities can be considered to be almost constant. This assump-
tion is justified by Planck Collaboration XXXVII (2016) who
showed that the typical correlation length of peculiar velocities
is 80−100 h−1 Mpc, well above the gas correlation length.

The density profile in galaxy clusters can be expressed with
a β model (Cavaliere & Fusco-Femiano 1978) given by

ne(r) = ne,0

1 +

(
r
rc

)2−3β/2

, (6)

where ne,0 is the central electron density, r is the cluster radial
extension, and rc is the core radius of the electron distribution.
We used β = 0.86 and rc = 0.2 × R500 from the measurements
of the South Pole Telescope clusters (Plagge et al. 2010). The
observed profile is given by the geometrical projection of the 3D
density profile, which is given by

τ(R) = σT

∫
2r ne(r)
√

r2 − R2
dr, (7)

where R is the tangential distance from a galaxy cluster. (We
represent the 3D distance with the lowercase letter r, and the 2D
distance on a map with the uppercase letter R). This 2D projected
profile is finally convolved with the angular filter shown in Fig. 4.

We fit the β model to the measured kSZ profile. For the LOS
velocity term in Eq. (5), we used the average LOS velocity (in
absolute value) of the WHL galaxy clusters from Sect. 3.4. How-
ever, the uncertainties on the LOS velocities induce a decrease in
the amplitude of the measured kSZ signal (Nguyen et al. 2020)
due to the stacks of kSZ signals with the wrong sign. This effect
can be analytically corrected using the uncertainty value of the
LOS velocities estimated from the Magneticum simulation in
Sect. 3.3. Including this correction in the model, the result of the
fit is shown in Fig. 7. The reduced χ2 value is 0.6. We note that a

Fig. 7. Velocity-weighted kSZ radial profile around the 30 431 WHL
galaxy clusters with the Planck PR4 temperature map at 217 GHz
(black), fitted with the β model (red solid line). Expected kSZ signal
if vCNN = vtrue is shown in red dashed line.

coherent angular pattern in the model profile, which is similar to
the data profile, is due to the convolution of the β profile with our
filter. The optical depth of intracluster gas in the cluster within
R500 is defined as

τe,500 =

∫ R500

0
σT ne(r) dV, (8)

and the fit provides an average optical depth of the WHL galaxy
clusters of

τe,500 = (2.4 ± 0.5) × 10−3. (9)

The total gas mass in a galaxy cluster can be defined as

Mgas,500 =

∫ R500

0
ne(r) µe mp dV, (10)

where µe = 1.148 is the mean molecular weight of electrons
(Arnaud et al. 2010), and mp is the mass of proton. From this
equation, we can thus compute the average gas mass in the WHL
galaxy clusters. It is estimated to be Mgas,500 ∼ 0.9×1013 h−1 M�.
This provides a gas mass fraction of fgas,500 = Mgas,500/M500 =
0.09 ± 0.02 given their average total mass of M500 ∼ 1.0 ×
1014 h−1 M�.

7. Discussion and conclusion

In this paper, we present the detection of the kSZ signal with
a significance of ∼4.9σ. The measurement was performed by
stacking the latest Planck temperature map at 217 GHz at the
positions of the galaxy clusters constructed from the SDSS
galaxies. Simple stacks cancel out the kSZ signals because
galaxy clusters have an equal probability of having positive or
negative kSZ signals. Thus, to avoid this cancelation and align
the signs of the kSZ signals, we used the LOS velocities of the
WHL galaxy clusters. There is an additional advantage to this
approach: other components such as CMB, CIB, and tSZ all have
positive signs and are canceled by the stacking approach. The
contamination level of these foreground emissions was studied
by T21, who showed that it is minor.

To estimate the LOS velocities of the WHL galaxy clusters,
we used a machine-learning approach. In this method, we trained
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our network to learn the correlation between the LOS velocities
of galaxy clusters and their surrounding galaxies with a CNN.
To apply our trained model to real data of the WHL galaxy clus-
ters and their surrounding SDSS galaxies, the training was per-
formed on mocks constructed from the Magneticum hydrody-
namical simulations.

There are two main advantages to our new approach of esti-
mating the LOS velocities. The LOS velocities of the WHL
galaxy clusters were estimated in T21 by relying on the galaxy
bias value of the SDSS galaxies derived from other studies
(Parejko et al. 2013; White et al. 2011; Nuza et al. 2013;
Rodríguez-Torres et al. 2016). By contrast, our present model
does not need the galaxy bias value, which is implicitly learned
by the training process. Moreover, our present model reduces the
uncertainty in our LOS velocity estimates due to RSD. These
advantages contribute to the increase in the S/N in our kSZ mea-
surements from ∼3.5 in T21 to ∼4.7. Furthermore, the S/N is
improved to ∼4.9 by using the latest Planck map from the Planck
2020 data release.

Based on our new kSZ measurement, we estimated the
average optical depth and found τe,500 = (2.4 ± 0.5) × 10−3

for galaxy clusters with mass of M500 ∼ 1.0 × 1014 h−1 M�
assuming a β model. This provides an average gas fraction of
fgas,500 = 0.09 ± 0.02 within R500, which is slightly lower than
but consistent with the value in T21 of fgas,500 = 0.12 ± 0.04.
We also compared our value of the gas fraction with that from
the Magneticum hydrodynamic simulations. The Magneticum
simulation gives fgas,500 ∼ 0.13 for the same mass of galaxy
clusters. We also checked with the IllustrisTNG (TNG300-1)
(Nelson et al. 2019), giving fgas,500 ∼ 0.13. Our value is slightly
lower than the predictions from these hydrodynamic simulations
but is again consistent within ∼2σ.

Moreover, we compared our value with the measurements
from X-rays (Gonzalez et al. 2013) ( fgas,500 ∼ 0.1 for galaxy
clusters with M500 ∼ 1.0 × 1014 M�), including XMM-Newton
and Chandra observations from Vikhlinin et al. (2006), Sun
et al. (2009), and Sanderson et al. (2013), and kSZ (Soergel
et al. 2016) ( fgas,500 = 0.08 ± 0.02 for galaxy clusters with
M500 ∼ (1−3) × 1014 M�). These results are consistent with our
findings. On the other hand, Lim et al. (2020) claims that the gas
fraction in halos is approximately equal to the universal baryon
fraction down to low-mass halos with 2 × 1012 M�. The differ-
ence may come from the sample selection; for example, due to
the difference in cluster redshifts. Lim et al. (2020) studied a
cluster sample at z < 0.12, while our sample and the sample
in Soergel et al. (2016) are at z ∼ 0.5. Therefore, the evolu-
tion of the gas in halos may explain the difference in the kSZ
measurements. However, the X-ray measurements in Gonzalez
et al. (2013) were also applied to local clusters at z ∼ 0.1, and
the evolution does not seem to explain the difference. Recently,
Schaan et al. (2021) detected the kSZ signals at ∼6.5σ using
the Atacama Cosmology Telescope (ACT) DR5 data. Applying
our new approach to the ACT data may improve the S/N of the
kSZ measurements and help to understand the discrepancy in the
gas mass fraction between (Lim et al. 2020; Soergel et al. 2016;
Gonzalez et al. 2013). So far, the reason for the discrepancy is
unknown, and more precise measurements of gas are necessary
in order to make firm conclusions.
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