
21cm intensity mapping: the Tianlai 
Project 

Le Zhang 

Shanghai JiaoTong University 

Jeju 2019.4.23

�1



�2

Probe the Large Scale Structure 
with 21cm observations

HI galaxy survey

21cm tomography

Epoch of Reionization (EoR) post EoR

¤ Intensity mapping offers an alternative approach to map 
the 3D structure of the universe across redshift 

¤ Exciting potential to map all available modes in the 
universe - probe the LSS, EOR, dark ages … 



The Tianlai (Heavenly Sound) Project 

The word “Tianlai” means 
“heavenly sound” in Chinese, 
this phrase appeared first in 
the work of ancient Chinese 
philosopher Chuang Tzu 
(369BC-286BC). 

NAOC (PI: Xuelei Chen), Xinjiang Observatory, 
CETC-54, Institute of Automation, Hangzhou Dianzi U., 
SJTU 


US: CMU(Peterson), U. Wisconsin (Timbie), 
Fermilab(Stebbins)    

LAL/IN2P3 (R. Ansari, J.E Campagne, M. Moniez), Obs. 
Paris (J.-M. Martin, P. Colom) , IRFU-CEA(C. Magneville, 
C. Yeche), CITA(Pen), KASI (Song), ASIAA/JPL (Chang) 
 Monthly Teleconf and annual 
Collaboration Meeting since 2010 
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Site Surveys in China
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Hongliuxia site in Balikun
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Dishes and Cylinders



Tianlai pathfinder experiment

•	A	small	pathfinder	experiment	to	
check	the	basic	principles	and	
designs,	find	out	potential	problems	


•	3x15x40m	cylinders,	96	dual	
polarization	receiver	units


•	16	x	6m	dishes


•	observe	700-800MHz,	can	be	tuned	
in	600-1420MHz


•	If	successful:	expand	to	full	scale		
120mx120m,		2500	units
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Xu, Wang & Chen, ApJ 2014

constraint on PNG from power spectrum 
(scale-dependent bias)

constraint on PNG from bispectrum


Constraints …



The challenge: strong foreground

10

(a) Galactic synchrotron emission (b) Extragalactic point sources

(c) Galactic free-free emission (d) Extragalactic free-free emission

Fig. 2.— The simulated di↵use foreground components for a 30� ⇥ 30� patch of sky at ⌫ = 830MHz. We have subtracted the mean value
(i.e. DC mode) to reflect an interferometric observation.

(a) The first foreground component (b) The second foreground component

(c) The third foreground component (d) The fourth foreground component

Fig. 3.— Wiener-filtered maps of independent components (ICs) reconstructed by applying HIEMICA to the simulated data cube with
S/N=5 for the same sky patch and frequency as in Fig. 2. Notice that we do not expect the recovered maps to explicitly correspond to the
input maps since these ICs are assumed to be mutually independent while the true physical components may have correlations.
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Fig. 4.— Top panel: HIEMICA-derived coe�cients of each
column of the mixing matrix, representing the frequency depen-
dence of the ICs, where the red-solid line is for the first component,
blue-dotted for the second, green-dashed for the third and brown
long-dashed for the fourth. When applying HIEMICA to simulated
data cubes, we have assumed nc=4 and S/N=5. Middle panel:
the rms brightness temperatures of ICs calculated from the derived
mixing matrix and their angular power spectra. Bottom panel:
the rms brightness temperatures of the input physical foreground
components including the Galactic synchrotron (red-solid), the ex-
tragalactic point sources (blue-dashed), Galactic free-free (green-
dotted), and extragalactic free-free (brown long-dashed). As men-
tioned in Fig. 3, the temperature fluctuations of ICs are not nec-
essarily the same as the physical components.

fit and the data strongly prefer three foreground com-
ponents. Moreover, especially in the case of high S/N,
there is no statistically significant di↵erence when using
more components, given the larger p values (p > 0.001).
Here all the values of LRT and p are the median over 10
independent simulations. Therefore, it is recommended
to use three components in the reconstructed foreground
model for our specific simulation parameters in Tab. 1.
It is worth noticing that, as mentioned by Alonso et al.
(2014), the optimal number of ICs in fact strongly de-
pends on the spectral smoothness of true foregrounds,
characterized by a frequency correlation length ⇠ as de-
fined in Eq. 51. In fact, a longer coherence length im-
plies a smoother frequency spectrum for a physical fore-
ground component. Consequently, decreasing the value
of ⇠ may require more ICs to successfully model such
physical components and remove them accordingly.

4.3. 3D Power Spectrum Results

Fig. 6 shows the rapid convergence of the resulting HI
power spectrum when successively increasing the number
of ICs. It can be seen that the recovered power spectrum
for IC number of 2 is slightly di↵erent from those for IC
number of 3 and 4, but the 3 and 4 components result
in almost the same power spectrum, which is consistent
with the varying trend in LRT. It can also be confirmed
by comparing the reconstructed Wiener-filtered ICs. As
the amplitude of fluctuations of the fourth component

(see Fig. 3(d)) is indeed about 40 times smaller than the
input cosmological signal (see Fig. 5(c)), the e↵ects of
the fourth component in signal recovery is expected to
be totally negligible.
In Figs. 6(c) and 6(d), we zoom in on the region with

BAO features to illustrate clearly the dependence of the
power spectrum estimation on the number of ICs as well
as on the noise amplitude. We can see that too few com-
ponents, such as nc = 2 in both cases of S/N=1 and
5, results in an overestimate on the power spectrum at
scales of 0.1 . k . 0.2 Mpc�1, since those two compo-
nents can not completely describe the spectral and spa-
tial properties of the foreground. As the number of ICs
increases to 3 and 4, the resulting power spectra decrease
and both converge to the true values. As the S/N drops
down by a factor of 5, the measurement errors become
larger since such errors can be approximately estimated
by �(k) /

p
PHI(k) + PN (k). More importantly, one

can see that, if nc = 3 or 4, the recovered HI spectrum
is well within the two sigma error bars of the estimates.
We can also see that the recovered cosmological signal

decreases approximately monotonically with increasing
number of ICs, especially for the low-k modes (k . 0.1
Mpc�1). This result may be interpreted as follows: (1)
since each recovered foreground component is a mixture
of all the source signals, including the cosmological sig-
nal, a small amount of cosmological signal can leak into
the reconstructed ICs, reducing the amplitude of the de-
rived cosmological signal; (2) the angular power spec-
trum of the dominant foreground component, Galactic
synchrotron emission, has the largest amplitude for large
` (see Fig. 1), resulting in a strong contamination in the
cosmological signal at large scales in the transverse di-
rection while increasing the risk of leakage; (3) the per-
formance of the ICs-based reconstruction also depends
on the number of measured Fourier modes in each k-bin,
and, in the simulated data the lowest and the second low-
est k-bins contain about 100 and 10 times fewer modes
than those in the high k-bins, respectively.
As discussed before, using the LRT, the three-

component foreground model used in HIEMICA gives
rise to the successful recovery of the HI power spec-
trum. In order to evaluate the recovery performance,
we present the derived power spectrum in Fig. 7 in com-
parison with that from the existing commonly-used PCA
technique. We can see that, after applying PCA to sub-
tract the three dominant foreground components from
the data cube, the residual apparently underestimates
the HI power spectrum at large scales, which seems to be
an over subtraction of the foregrounds. Compared with
the input ones, the amplitudes in the first two k-bins are
smaller by factors of 8.9 and 1.9 if S/N=1, and by factors
of 9.9 and 2.1 if S/N=5, respectively, whereas the ratios
of HIEMICA-derived power spectra and the input ones
in those two bins are only about 68� 89% if S/N=1 and
58� 88% if S/N=5, respectively. In addition, the recov-
ered amplitudes in those two k-bins are consistent with
the input ones within 2-�. The HIEMICA method thus
does a better job at foreground removal and cosmological
signal recovery at large scales.
More promisingly, we can find that, the HIEMICA ap-

proach provides an unbiased estimate of HI power spec-
trum for the high-k modes with k & 0.1 Mpc�1 where

RMS brightness temperatures

21-cm signal:  amplitude ~0.1 mK, lots of spectral structure
�8



A Model of Diffuse Galactic Radio Emission 5

dependence is known to vary across the sky. This occurs both be-
cause the synchrotron spectral index β depends on the energy distri-
bution of relativistic electrons (85), which varies somewhat across
the sky, and also because the ratio of synchrotron to dust and other
emission components can vary from place to place. In contrast,
equation (2) assumes that a map of Galactic emission looks the
same at all frequencies except for an overall change in amplitude.

3.2.2 Polynomial and spline fitting

Now that so much data is available, it is tempting to allow much
more general fitting functions such as polynomials or cubic splines.
We tested both of these approaches here and found that they gave
their most accurate results when fitting in log-log (when fitting lg T
as a function of lg ν rather than using T and/or ν directly), since the
function to be fit is then rather smooth – see Figure 3 (top panel).
For instance, the quadratic polynomial fit

ln T (!ri, ν) = α(!ri) + β(!r) ln
ν
ν∗

+ γ(!ri)
"
ln

ν
ν∗

#2

(3)

generalizes equation (1) to a position-dependent “running” γ of the
spectral index β. For a given pixel i, let mi denote the number of
surveys that have observed it (6 ! mi ! 11). Re-writing equa-
tion (3) in a matrix form, we obtain

y = Ax + n, (4)

where y is an mi-dimensional vector that contains (the logarithm
of) the temperatures at the ith pixel at the mi survey frequencies,
A is anmi × 3matrix that encodes the frequency dependence, and
x is a 3-dimensional vector that contains the α, β and γ values at
the ith pixel. The extra term n denotes noise in the broadest sense
of the word, i.e., receiver noise, uncorrected offsets and calibration
errors, and any other systematic effects or other non-sky signals
present in the survey maps. This is an overdetermined system of
linear equations since we always have mi > 3 input maps avail-
able, and assuming that the noise has zero mean, i.e., ⟨n⟩ = 0, the
minimum-variance estimator for x is

x̂ =
$
A

t
N

−1
A

%
−1

A
t
N

−1
y, (5)

with covariance matrix

Σ =
$
A

T
N

−1
A

%
−1

, (6)

whereN is the noise covariance matrix ⟨nnt⟩. In Figure 3, we have
simply approximated N by the diagonal matrix with Nii given by
the rms of the ith map (we find the recovered maps to be rather
insensitive to the choice of N). By performing this calculation for
all the pixels in the sky, we obtain all-sky maps of the quantities α,
β and γ. Finally, to obtain a sky map at any frequency ν, we simply
use these values of α, β and γ in equation (3).

We also tried the approach of fitting the (log-log) frequency
dependence in each pixel to a separate cubic spline. This involves
even more fitting parameters (between 6 and 11), as the resulting
curve is forced to match the data exactly at all observed frequen-
cies. Maps of α, β and γ can then be produced by computing the
first and second derivatives of the spline function.

Figure 3 illustrates the pros and cons of the above-mentioned
methods. Both the simple power law and the log-log quadratic poly-
nomial are seen to provide poor fits simply because the physics is
more complex than these functions can model. The figure shows
that a power law is a poor approximation even in the synchrotron-
dominated regime ν ∼

> 1 GHz, because of a distinct steepening
of the spectrum towards higher frequencies. However, the figure

Figure 4. The eigenvalues λi/11 for the 11 principal components, which
can be interpreted as the fraction of the total variance at the 11 frequencies
that each component explains.

shows that going to the opposite extreme and allowing too many fit-
ting parameters causes problems as well, from overfitting the data.
The spline blindly goes through all the data points without any re-
gard for what constitutes physically reasonable behavior, and sure
enough is seen to perform poorly when forced to extrapolate. The
ability to extrapolate reliably is crucial to our sky model because
many of our input maps have only partial sky coverage. A related
drawback of the spline approach is that if one of the input maps has
more noise or systematic errors than others, this will fully propa-
gate into the model rather than getting “voted down” by the other
input maps.

A final problem, seem most clearly in the bottom panel, is
caused by fitting the log of the temperature rather than the tempera-
ture itself: a relatively modest error in the predicted log-temperature
translates into an exponentially amplified error in the temperature
itself. The logarithmic fitting also complicates the modeling of
measurement errors: if they are symmetrically distributed around
zero and uncorrelated with the sky signal in the raw input maps, this
is no longer true for the log-maps. In contrast, a linear combination
of the linear input maps would preserve such desirable statistical
properties of the noise.

3.2.3 Principal Component Analysis

The above examples suggest that we should try a method that: (1)
can fit the spectral behavior of the data with as few parameters as
possible; and (2) is linear (takes some linear combination of the raw
input maps). In other words, we want a linear fitting method where
the data itself is allowed to select the optimal parametrized form
for the frequency dependence. Fortunately, the standard tool known
as Principal Component Analysis (PCA) does exactly this (92). In-
deed, we find that PCA performs better than all the approaches tried
above when we implement it as described below.

c⃝ 2008 RAS, MNRAS 000, 1–16
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Figure 6. The first three principal components, which can be crudely in-
terpreted as maps of total “stuff” (top), synchrotron fraction (middle) and
thermal dust fraction of non-synchrotron emission (bottom). The color scale
corresponds to lg(T/1K) in the top panel, and sinh−1(T/1K)/ ln 10 in
the other panels to handle negative values (since sinh−1 x/ ln 10 ≈ lg |x|
for x ≫ 1 and for large positive and negative values, while it is roughly
linear near zero).

another 19%, the third explains another 0.6%, and all the remain-
ing eight components combined explain merely the last 0.3%. This
is very convenient: we set out searching for a way to accurately
parametrize the frequency dependence of the radio sky with as few
parameters as possible, and have found that as few as two parame-
ters capture more than 99% of the information.

Although principal component analysis is quite a standard
data analysis technique (92), our analysis also includes some non-
standard procedures, tailored for the particular challenges that our
global sky modeling problem poses:

• We diagonalize R rather thanC.
• We perform no mean removal.
• We make up for missing data by fitting to only the best princi-

pal components.

• We perform frequency interpolation by splining lg σi and the
component spectra.

Let us now explain each of these procedures in more detail.
Diagonalizing R rather than C corresponds to using the nor-

malized maps rather than the raw maps as input for the PCA. We
made this choice because we are equally interested in providing a
good fit (in terms of percent of rms explained) at all 11 frequen-
cies. If one took the raw maps as input, the PCA would instead
focus almost entirely on optimizing the fit to the lowest frequency
maps, since the increase of synchrotron temperature towards lower
frequencies causes them to have by far the largest rms signal mea-
sured in Kelvin. This usage of the normalized maps also has the
advantage that the spectra of the dominant physical components
become rather gently varying functions of frequency, which makes
them much easier to linearly fit (see Figure 5). This eliminates the
need for logarithmic fits and their above-mentioned problems.

In a standard PCA, one diagonalizes the covariance matrix
⟨(z − ⟨z⟩)(z − ⟨z⟩)t⟩. We instead diagonalize the matrix ⟨zzt⟩,
i.e., do not subtract off the mean from the normalized maps before
computing their second moment matrix. This is because, as quan-
tified in Section 4, this procedure makes the method more accurate
in regions with incomplete data: whereas the principal components
from the region with 11 frequency data work well across the en-
tire sky (basically, because they reflect underlying physical emis-
sion mechanisms which are the same everywhere), the 11 mean va-
lues from this region are not at all representative for other regions,
as they depend strongly on Galactic latitude. By not removing the
mean, we also exploit the physical property that none of the dom-
inant foreground components can ever contribute a negative inten-
sity5.

Whereas a standard PCA can be performed in the region
shown in Figure 2 where all 11 frequencies have been observed,
we wish to build a global sky model covering the entire sky. For-
tunately, we have mi ! 6 measured frequencies available every-
where, and have found that much fewer than 6 parameters are re-
quired for an excellent fit. We therefore take the best m∗ principal
components determined in the region with complete data and fit
them to the data available. In Section 4 we will explore what is
the best choice of m∗ by quantifying the accuracy attained using
1 " m∗ " 5 components. We perform this fitting by modeling the
observed data in a pixel withmi observed frequencies as

zi = P̃iãi + ni, (14)

where the tildes indicate that we are truncating to only m∗ compo-
nents: P̃i is the mi × m∗-dimensional matrix containing the m∗

first principal components as its columns, ãi is them∗-dimensional
vector corresponding to the firstm∗ principal component maps (see
Figure 5), zi contains themi normalized input maps that have data
for this pixel, and the residual ni models random noise from both
measurement errors and additional principal components not in-
cluded in the fit. We perform this fitting separately for each pixel i
by minimizing

χ2 ≡ (zi − P̃iãi)
t
N

−1
i (zi − P̃iãi), (15)

which gives the solution

5 The only sky signal with a non-CMB spectrum that can give a negative
temperature contribution is the thermal SZ effect, and it makes a rather neg-
ligible contribution compared to the synchrotron, free-free and dust compo-
nents.

c⃝ 2008 RAS, MNRAS 000, 1–16

The first three principal components, which can 
be crudely interpreted as maps of total “stuff”, 
synchrotron fraction and thermal dust fraction.

~99% of the power is the 
in first three components

signal loss?

PCA/SVD methodSVD/PCA method
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• 2018 Aug� Begin Drone experiment
• 2018 Apr� Test using dish system to receive telemetry signal from HIT micro-satellites
• 2018 Apr:  EM environment survey by French neutrino experiment group (GRAND)
• 2018 Mar: Linear power supply and some optical modules failed
• 2018 Mar�GPS receiver begin to record the data
• 2018 Jan: pulsar observation experiment for dish system
• 2017 Dec: Installed batteries of online UPS system
• 2017 Oct: completed 863 project review
• 2017 Aug: Fixed known problems in calibrator noise source
• 2017 Jul: re-installed all the DSP board and repare 32-chan correlator 
• 2016 Dec: completed 863 technical review
• 2016 Sep: First Light

Brief status on site
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System testing using calibrator noise source
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Drone experiment for beam

Measured Dish Antenna 

Pattern at 730MHz

DJI Matrice-600 Pro 

It can reach an 
altitude of 2500 m 
with positional 
accuracy of ∼ 1 cm



Comparison with NVSS sources

First light image 
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S. Zuo et al., in preparation

First Light Map
5 frequency average for observation of 
Sept. 27-30, 2016
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New algorithm on Transient search

¤ Develop a new 
FRB search 
algorithm 
(2DFFT)



The Future Plan

•Improve on the Data Analysis, with more careful analysis of the data 
quality and RFI removal 

•Polarization calibration

•conduct all sky survey

•FRB search: online beam-forming to search for FRB
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Thanks !
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Dedicated experiments - Reionization

LOFAR

MWA

21CMA 
GMRT

HERA
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Low-redshift Experiments 

CHIME

HIRAXOWFA

GBTTianlai

MeerKAT ASKAP

BINGO
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