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Abstract

In this paper, we propose a novel method using arti3cial neural networks (ANNs) to reconstruct the global 21 cm

signal from measurements of the 21 cm power spectrum. The 21 cm global signal provides crucial information on

cosmic evolution from the Dark Ages through cosmic dawn and the Epoch of Reionization. Single-dish telescopes

directly measure the global signal, whereas interferometric experiments primarily measure spatial 8uctuations,

represented by the 21 cm power spectrum. While no direct mathematical relationship exists between these two

observables-since they probe fundamentally independent Fourier modes-they are indirectly linked through their

common dependence on underlying astrophysical and cosmological parameters. The ANN effectively learns this

implicit, model-dependent relationship, enabling it to predict the global signal from the power spectrum. We

demonstrate that the ANN accurately recovers the global 21 cm signal across a broad redshift range (z = 7.5–35)

even under realistic observational noise scenarios corresponding to SKA-1 observations. The reconstruction

accuracy depends signi3cantly on the spatial scales (wavenumber k) included, with larger-scale modes yielding

better results due to their stronger sensitivity to global astrophysical processes. Although the ANN method does

not provide a model-independent veri3cation of anomalous observations (e.g., the Experiment to Detect the

Global Epoch of Reionization Signature absorption trough), it offers a computationally ef3cient and robust tool to

infer the global signal within the context of standard astrophysical and cosmological models.
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1. Introduction

Following the cosmic “dark ages” during which no

luminous objects existed, the universe witnessed the formation

of the 3rst stars and galaxies in a period known as the “cosmic

dawn” (e.g., Barkana & Loeb 2001). The X-ray and ultraviolet

(UV) photons emitted by these early luminous objects heated

and ionized the neutral hydrogen atoms in the intergalactic

medium (IGM; e.g., Furlanetto et al. 2006), leading to the

Epoch of Reionization (EoR), which persisted until the IGM

was fully ionized.

The redshifted 21 cm line signal from neutral hydrogen is a

promising probe for studying the history of the universe from

the Dark Ages through the EoR. This signal arises from the

hyper3ne transition of neutral hydrogen atoms and can provide

direct tomographic images of the spatial distribution of H I gas

in the IGM (e.g., Scott & Rees 1990; Madau et al. 1997;

Furlanetto et al. 2006; Pritchard & Loeb 2012). Creating three-

dimensional maps of this distribution requires high sensitivity

and spatial resolution. As an alternative, current radio

interferometer arrays, such as the Low Frequency Array

(LOFAR; e.g., van Haarlem et al. 2013), the Murchison

Wide3eld Array (MWA; e.g., Wayth et al. 2018), and the

Hydrogen Epoch of Reionization Array (HERA; e.g., DeBoer

et al. 2017), aim to statistically detect the 21 cm line signal by

measuring its power spectrum (PS). These arrays have already

set upper limits on the 21 cm line PS (e.g., see Figure 19 of

Shimabukuro et al. 2023), and future experiments, such as the

Square Kilometre Array (SKA; Mellema et al. 2013; Koopmans

et al. 2015), promise to achieve even higher sensitivity.

Following the discussion of interferometer arrays and their

sensitivity to the 21 cm line PS, we now turn to the methods

for measuring the global 21 cm signal. In contrast, single-dish

radio telescopes, such as the Experiment to Detect the Global

Epoch of Reionization Signature (EDGES; Bowman et al.

2018), the Large-aperture Experiment to Detect the Dark Ages

(Price et al. 2018), the Probing Radio Intensity at High-Z from

Marion (Philip et al. 2019), and the Shaped Antenna

measurement of the background RAdio Spectrum

(SARAS. Singh et al. 2018; Nambissan et al. 2021), measure

the global 21 cm signal, representing the sky-averaged bright-

ness temperature. The EDGES project has reported an

unexpected deep absorption trough at cosmic dawn (z ∼ 17),

which has been challenging to reconcile with standard

cosmological and astrophysical models (Bowman et al. 2018).

Indeed, the tension between the EDGES signal and

theoretical models extends beyond its amplitude and involves
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the overall shape of the observed absorption feature. This

discrepancy has sparked debates around non-standard scenar-

ios involving, for example, interactions with dark matter or

additional radio backgrounds (e.g., Barkana 2018; Fialkov &

Barkana 2019). Moreover, subsequent single-dish experiments

such as Shaped Antenna measurement of the background

RAdio Spectrum 3 (SARAS 3) have independently tested and

strongly contested the EDGES detection, further complicating

the interpretation.

Different from ground-based telescopes, which are affected

by Earth’s radio frequency interference and atmospheric

absorption, lunar-based or lunar-orbiting telescopes offer

signi3cant advantages for detecting the faint 21 cm global

signal. The farside of the Moon provides a radio-quiet

environment, free from Earth’s radio frequency interference,

making it an ideal location for such sensitive observations.

Additionally, the lack of an atmosphere eliminates signal

absorption and scattering, allowing for more precise measure-

ments. Currently, several projects for lunar-based or lunar-

orbiting telescopes have been proposed, including FarView

(Polidan et al. 2024), LuSEE-Night (Bale et al. 2023),

PRATUSH (Sathyanarayana Rao et al. 2023), Discovering

the Sky at the Longest Wavelengths (Chen et al. 2021) and

Large-scale Array for Radio Astronomy on the Farside (Chen

et al. 2024).

Interferometric measurements and single-dish experiments,

therefore, provide complementary probes of the early universe.

While single-dish telescopes directly measure the global

signal, interferometers are sensitive to spatial 8uctuations,

providing the PS across multiple spatial scales. Although

direct measurement of the global signal by interferometers

faces inherent challenges due to their baseline con3gurations

(Liu et al. 2013; Presley et al. 2015; McKinley et al. 2020;

Zhang et al. 2023), attempts to constrain or reconstruct the

global signal from interferometric data indirectly have been

explored. Notably, recent studies have demonstrated the

potential synergy between these two observational approaches,

using astrophysical modeling as a common ground (Cohen

et al. 2018; Fialkov et al. 2020).

Several methods have been proposed to relate measurements

of the 21 cm PS to cosmological observables like the optical

depth to the cosmic microwave background (CMB), τ, through

modeling of reionization processes (e.g., Fialkov & Loeb 2016;

Liu et al. 2016; Billings et al. 2021; Sailer et al. 2022; Shmueli

et al. 2023). For example, as τ essentially integrates ionization

history, predicting τ from PS constraints indirectly implies

reconstructing the ionization history from 21 cm PS measure-

ments, analogous to reconstructing the global signal.

Meanwhile, recent advances in machine learning (ML),

particularly arti3cial neural networks (ANNs, also referred to

as neural networks or neural nets), have expanded the analysis

methods in 21 cm cosmology. ML techniques have been

extensively utilized in diverse contexts, including emulation of

PS (e.g., Kern et al. 2017; Schmit & Pritchard 2018; Jennings

et al. 2019; Cohen et al. 2020; Breitman et al. 2024; Sikder

et al. 2024), global signal modeling (e.g., Bevins et al. 2021;

Bye et al. 2022), likelihood emulation (e.g., Zhao et al.

2022a, 2022b; Choudhury et al. 2024), ionized bubble

identi3cation (e.g., Bianco et al. 2021; Kennedy et al. 2024),

parameter inference (e.g., Shimabukuro & Semelin 2017;

Gillet et al. 2019; Doussot et al. 2019; Prelogović et al. 2022),

treatment of foreground (e.g., Li et al. 2019; Gagnon-Hartman

et al. 2021) and recovering 21 cm statistics from other statistics

(e.g., Yoshiura et al. 2021; Shimabukuro et al. 2022). These

studies illustrate that ML techniques ef3ciently capture

complicated nonlinear relationships and signi3cantly reduce

computational costs in extracting cosmological information

from complex data sets, justifying their integration into 21 cm

cosmological analyses.

Motivated by these developments, in this paper, we propose

a novel ANN-based method to predict the global 21 cm signal

directly from measurements of the 21 cm PS. While the global

signal and PS probe fundamentally distinct Fourier modes and

thus lack a direct, model-independent mathematical relation-

ship, both observables depend implicitly on the same under-

lying astrophysical and cosmological parameters. ANNs

provide a powerful, nonlinear modeling tool capable of

ef3ciently capturing these implicit correlations, enabling

predictions of the global signal solely from interferometric

data. Additionally, ANNs exhibit robustness to realistic

observational noise, making them attractive for practical

applications to upcoming experiments such as SKA (e.g.,

Bevins et al. 2021; Bye et al. 2022; Prelogović et al. 2022).

Although the current study focuses exclusively on demon-

strating the ANN’s feasibility and robustness, it remains

crucial in future work to conduct a detailed quantitative

comparison between the ANN-based approach and traditional

statistical methods. Speci3cally, direct comparisons regarding

parameter estimation accuracy, computational ef3ciency, and

robustness under realistic observational conditions will be

necessary to justify the integration of ANN methods fully

within practical 21 cm cosmology analyses.

This paper is structured as follows. Section 2 describes the

theoretical framework and simulations used to generate

training data sets. Section 3 outlines the ANN architecture

and training procedure. Section 4 presents detailed results of

the global signal recovery, highlighting the method’s robust-

ness against observational noise. Section 5 summarizes the

3ndings and discusses implications and future directions for

integrating ANN methods within the broader framework of

21 cm cosmology analyses.

2. Cosmological 21 cm Signal

The fundamental observable for the 21 cm signal is the

brightness temperature, which can be expressed as (e.g.,

2
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Mellema et al. 2013)
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where TS and Tγ represent the spin temperatures of the IGM

and CMB temperature, respectively. The optical depth in the

21 cm rest frame at frequency ν0 = 1.4 GHz is denoted by
0
.

The neutral fraction of hydrogen atoms is given by xH and

( ) /zx, 1m represents matter density 8uctuations.

The velocity gradient of the IGM along the LOS is represented

by dvr/dr, and H is the Hubble parameter. All parameters are

evaluated at redshift z = ν0/ν − 1. In all of our simulations,

we assume a 8at ΛCDM cosmology with parameters

consistent with the Planck 2018 results: Ωm = 0.315,

Ωb = 0.049, h = 0.674, σ8 = 0.811, and ns = 0.965 (Planck

Collaboration et al. 2020).

For practical purposes, it is often more convenient to

analyze 21 cm 8uctuations in Fourier space. The 21 cm

8uctuations are typically evaluated using the 21 cm line PS,

de3ned as (e.g., Furlanetto et al. 2006)

( ) ( ) ( ) ( ) ( ) ( )= +k k k k kT T P2 , 2b b
3

21

where the dimensionless 21 cm line PS is expressed as

k3P21(k)/2π
2. In the study, we employ a semi-numerical

simulation approach, similar to that used in Cohen et al.

(2017, 2018), to calculate the 21 cm line PS. For more detailed

modeling, please refer to these studies.

3. Arti�cial Neural Networks

In this section, we describe the construction, training, and

evaluation of our ANN (also referred to as neural network or

neural net) used to reconstruct the global 21 cm signal from

power-spectral inputs.

3.1. Data Set Preparation

We generate 500 semi-numerical 21 cm models with the

code of Cohen et al. (Cohen et al. 2017, 2018). Each model

provides the 21 cm PS at three 3xed wavenumbers

(k = 0.1, 0.5, 1.0 hMpc−1) across 76 binned redshift slices

from z = 7.5 to 35, together with the corresponding sky-

averaged (global) 21 cm signal. These particular wavenumbers

were chosen based on the sensitivity range expected by

upcoming interferometric experiments, such as SKA Phase 1

(SKA-1), which will provide robust measurements at scales

around these values. Of these, 400 models are used exclusively

for training and an independent set of 100 models is held out as

a test data set for 3nal performance evaluation; no separate

validation set is employed in this study.

3.2. Network Architecture

The architecture of our ANN is brie8y described as follows.

The input data xj are fed to the jth neuron in the input layer.

Each input neuron is connected to the ith neuron in the hidden

layer with a weight ( )
wij

1 associated with each connection. The

ith neuron in the hidden layer, si, is expressed as a linear

combination of all input neurons with their respective weights
( )

wij
1

( )( )
=

=

s w x , 3i

j

n

ij j

1

1

where n is the number of input data points. In the hidden layer,

the ith neuron is activated by an activation function f,

producing the output ti = f(si). We use the ReLU function as

the activation function, de3ned as follows

( ) ( )
( )

( )
( )= =

<
x x

x x

x
max 0,

0

0 0
. 4

In the output layer, the output vector is obtained by

computing linear combinations of the activated neurons in the

hidden layer with weights ( )
wij

L (where L denotes the total

number of layers)

( )( )
=

=

y w t , 5i

j

k

ij
L

j

1

where k is the number of neurons in the hidden layer. Note that

the output values are not activated. The goal of training the

ANN is to 3nd a set of weights that ensures the output vectors

produced by the ANN for a set of input vectors are close to the

desired output vectors. Once the weights are adjusted to

minimize the difference using a training sample, the ANN can

predict output vectors for new input vectors outside the

training sample, such as new observational data. To quantify

the accuracy of the ANN’s output relative to the desired output

for the training data, we de3ne the total cost function as

( ) ( )= =

= = =

E E y d
1

2
, 6

n

N

n

n

N

i

m

i n i n

1 1 1

, ,
2

train train

where Ntrain is the number of training data sets, and m is the

number of neurons in the output layer. y and d represent the

outputs of the ANN and the desired training output data,

respectively. Our objective is to minimize the cost function by

3nding the optimal set of weights. This is achieved by

computing the partial derivatives of E concerning the

individual weights ( )wij
l and 3nding the local minimum of E

using gradient descent. We optimize weights via backpropaga-

tion (Rumelhart et al. 1986) using the Adam optimizer with a

3
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3xed learning rate of 1 × 10−3, batch size 20, and 20,000

iterations.

3.3. Experimental Settings

We performed the backpropagation algorithm with 20,000

iterations for 400 training data sets and then applied the trained

network to 100 test data sets. Before discussing the main

results, we evaluate whether the training of the ANN

architecture is adequate. To do this, we calculated the mean

squared error (MSE) of the training data set, de3ned as

( )=

=
N

EMSE
1

. 7

i

N

n

train 1

train

In Figure 1, we show the MSE as a function of the number of

iterations. We found that the MSE converged after 20,000

iterations. Therefore, we used 20,000 iterations for the

backpropagation in subsequent calculations. In this study, no

separate validation set was employed: all 400 simulated

models were used exclusively for training, and an independent

set of 100 models was held out for 3nal performance

evaluation as the test set. Accordingly, Figure 1 displays only

the training loss versus iteration number. The loss curve

plateaus by approximately 20,000 iterations, indicating conv-

ergence of the optimization and suggesting that our training

data set is suf3ciently large to avoid severe over- or under-

3tting. We acknowledge that including a validation loss curve

would provide a more complete assessment of the model’s

generalization behavior; this will be addressed in future work.

To assess the ANN’s performance under varied conditions, we

conduct three classes of experiments, each evaluated on the 100-

model test set. First, we examine spatial-scale dependence by

training separate networks on single k-bin inputs (k = 0.1, 0.5,

and 1.0 hMpc−1) to isolate each scale’s contribution to global-

signal recovery. Second, we test noise robustness by adding

SKA-1 thermal noise and an exaggerated 1000× noise realization

to the power-spectral inputs. Finally, we evaluate the ability to

recover the high-redshift cosmic dawn signal by restricting inputs

to the EoR-only range (7.5� z� 15). In all cases, performance

metrics (e.g., correlation coef3cient (CC), MSE) are reported on

the held-out test set to quantify generalization.

4. Results

In this section, we present the global signal recovered from

the 21 cm line PS as a function of redshift using the ANN.

4.1. Recovered 21 cm Global Signal

We recover 21 cm global signal at z = 7.5–35 redshift from

the 21 cm PS as a function of redshift. We use the 21 cm PS at

a 3xed wavenumber k = 0.1Mpc−1. In Figure 2, we compare

the true global signal with the one recovered using the ANN

from the 21 cm PS over this redshift range. As seen in

Figure 2, the ANN successfully reconstructs the global signal

from cosmic dawn to EoR.

Previous studies, such as Fialkov et al. (2020), have

demonstrated that multi-tracer methods can extract the global

signal using both 21 cm and matter density 8uctuations.

0 2500 5000 7500 10000 12500 15000 17500 20000
iteration

101

102

103
M
SE

training

Figure 1. The MSE between obtained and target values in the training data set. The MSE converges after 20,000 iterations. No validation loss is shown, as no

validation set was used in this study. An independent test set of 100 models was held out for 3nal evaluation.
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However, our method, which is based on an ANN, requires

only the 21 cm 8uctuations. The ANN ef3ciently learns a

nonlinear mapping between the 21 cm PS and the global

signal, effectively functioning as a nonlinear regression tool

that eliminates the need for additional tracers. By training on

simulated data sets, the ANN approximates the complex

relationship between the 21 cm PS input and the global signal,

allowing for accurate recovery.

To assess the ANN’s performance across all test data, we

compare the recovered and true global signals at the trough of

the 21 cm global signal for all test cases. In Figure 3, we

examine the depth of the trough in the recovered global signal

across all test data sets, with the Y = X line representing

perfect recovery. As shown in the 3gure, the ANN success-

fully recovers the depth of the global signal at the trough from

the 21 cm PS, closely matching the true values. This

demonstrates that the model generalizes well across test

data sets.

To quantitatively assess the accuracy of the recovered global

21 cm signal across all test data sets, we introduce the CC,

Figure 2. True 21cm global signal (red solid) and recovered 21 cm global signal from 21 cm line PS from EoR to cosmic dawn (z = 7.5–35) (black dashed).

Figure 3. Comparison of depth of trough between obtained and true global signal values for all test data sets. The solid black line (Y = X) represents perfect

prediction.
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de3ned as

( )( )

( ) ( )

( )=
=

= =

y y y y

y y y y
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where ytrue,i and yANN,i represent the true and recovered values

of the global signal at redshift zi, respectively, and Nz is the

number of redshift bins. The overbars signify mean values

averaged over all redshifts. The CC measures the linear

correlation between the true and recovered signals for each test

data set; a CC close to 1 indicates a strong positive correlation,

while a CC close to −1 indicates a strong negative correlation.

A higher absolute value of CC signi3es a stronger correlation

between the data sets.

We 3rst compute the CC for the case where the 21 cm global

signal is recovered from the 21 cm PS at k = 0.1Mpc−1. As

af3rmed in Figure 4, most of the CC values are distributed

between 0.8 and 1.0, with a mean of 0.95 and a variance of 0.05.

This quantitatively demonstrates that our ANN can successfully

recover the 21 cm global signal from the 21 cm PS at

k = 0.1Mpc−1 for most of the models we consider. However,

for some models, the CC values are less than 0.6, indicating that

the recovery does not perform as well for these cases compared to

others. This can be attributed to the following reasons. In certain

models, the 21 cm PS at speci3c scales (i.e., k= 0.1 Mpc−1) does

not contain enough information to accurately recover the global

signal. This is particularly evident when the PS exhibits

anomalies, such as missing the typical three peaks or showing

signi3cant shifts in peak positions. Such irregularities hinder the

ANN’s ability to effectively learn the relationship between the PS

and the global signal.

Next, we investigate how the scale of the 21 cm PS affects

the ANN-based recovery of the global 21 cm signal. In

Figure 5, we present the recovered global signals and the

corresponding 21 cm PS for 3xed wavenumbers k = 0.1, 0.5,

and 1.0Mpc−1. The top panel clearly illustrates that the

recovery quality deteriorates at higher wavenumber

(k = 1.0 Mpc−1). The bottom panel highlights the underlying

reason: while the PS at lower k (0.1 and 0.5 Mpc−1) exhibit

three distinct peaks, providing richer and clearer features

related to the astrophysical processes across cosmic dawn and

reionization, the spectrum at k= 1.0 Mpc−1 lacks these

prominent features, thereby offering insuf3cient information

for accurate reconstruction.

It should be noted, however, that the global 21 cm signal

corresponds mathematically to the spatially averaged bright-

ness temperature and thus represents the k = 0 Fourier mode.

Therefore, the decreased performance at high k-values does

not result from a mathematical averaging-out of small-scale

8uctuations. Rather, this effect arises because larger-scale

modes (lower k) are more directly sensitive to astrophysical

processes that simultaneously shape the global signal, whereas

smaller-scale modes (higher k) primarily re8ect local, small-

scale structures whose correlation with the global signal is

weaker. Thus, the ANN’s successful recovery of the global

signal at lower k re8ects its ability to capture indirect, model-

dependent astrophysical relationships between these observa-

bles rather than a direct mathematical mapping.

Figure 4. Distribution of the CC for all test data sets where the global signal is recovered from the 21 cm PS at k = 0.1 Mpc−1. The mean value is 0.95, and the

variance is 0.05.
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To quantitatively assess the in8uence of the selected scale

on recovery performance, we compute the CC distributions for

k = 0.1, 0.5, and 1.0 Mpc−1, as depicted in Figure 6. For

k = 0.1 and 0.5 Mpc−1, most CC values exceed 0.75,

indicating strong reconstruction performance. Conversely, at

k = 1.0Mpc−1, the CC distribution signi3cantly broadens,

with a mean value dropping to 0.18 and variance increasing to

0.27. This analysis con3rms that larger spatial scales contain

more astrophysical information relevant to reconstructing the

global signal, re8ecting the indirect but meaningful relation-

ship mediated by underlying astrophysical processes.

4.2. The Recovery from the 21 cm PS with Thermal Noise

So far, we have assumed that the input 21 cm line PS is the

pure signal derived from simulations. However, in practical

observations, measurements of the 21 cm line PS are

contaminated by random noise. For large radio interferometer

arrays like the SKA, thermal noise dominates the noise budget,

Figure 5. (Top) The global 21 cm signal recovered using the 21 cm PS at 3xed wavenumbers k = 0.1, 0.5, and 1.0 Mpc−1. (Bottom) The corresponding 21 cm PS as

functions of redshift at the same 3xed wavenumbers. Note that the recovery deteriorates at k = 1.0 Mpc−1, where the PS exhibits only two peaks instead of three.

7
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although cosmic variance also contributes signi3cantly at large

scales. In this subsection, we incorporate both thermal noise

and cosmic variance into our analysis to investigate their

effects on the reconstruction of the global signal.

The thermal noise PS for a single mode k is given by

(McQuinn et al. 2006; Mao et al. 2008, 2013)

( )
¯ ( )

( )µ =P k d y
t

T

n k A
,

L
, 9A

e

th,1mode
2 sys

2

where dA(z) is the comoving angular diameter distance at

redshift z, and y(z)≡ λ21(1+ z)
2/H(z), with λ21=

λ(z)/(1 + z)= 0.21 m and H(z) being the Hubble parameter

at z. The solid angle of the 3eld of view is Ω = λ2/Ae, where λ
is the observing wavelength and Ae is the effective area per

station. The total integration time is t, and Tsys is the system

temperature of the antenna, which is the sum of the receiver

temperature (approximately 100 K) and the sky temperature

Tsky= 60(ν/300, MHz)
−2.55K. The term ¯ ( )n k AL e represents

the number of redundant baselines with L corresponding to k⊥
within a baseline area equal to Ae

The thermal noise for the mode k depends on its projection

onto the sky plane, µ=k k 1 2 , where µ = cos , and θ is

the angle between the mode k and the line of sight (LOS).

The thermal noise for the spherically averaged PS over a

k-shell is given by (Lidz et al. 2011)

( )
( )

( )
( )

/

µ

µ

=

µ

P k
N k

P k

,

,
, 10thermal

c

th,1mode
2

1 2

where Nc(k, μ) is the number of modes in the ring with μ on

the spherical k-shell with logarithmic step size δk/k = ε.

Speci3cally, Nc(k, μ) = εk3Δμ × vol/(4π2), and vol is the

survey volume of the sky. The summation accounts for the

noise reduction achieved by combining independent modes. It

runs over the upper half-shell with positive μ, since the

brightness temperature 3eld is real-valued, and only half of the

Fourier modes are independent.

The cosmic variance for the 21 cm line PS is estimated by

( ) ( ) ( )=P k
N

P k
1

, 11cv

modes

21

where Nmodes = εk3 × vol/(4π2) is the number of modes in the

upper half of the k-shell.

In this study, we consider an experiment similar to the low-

frequency array of SKA-1. Speci3cally, we assume a

con3guration where 224 stations are compactly arranged

within a core diameter of 1000 m, and the minimum baseline

between stations is 60 m. We adopt the following parameters:

the 3eld of view of a single primary beam is FWHM ∼ 3°.5 at

z ∼ 8, the effective area per station is Ae ≈ 421 m2 at z ∼ 8, the

total integration time is 1000 hr, the bandwidth of a redshift

bin is 10MHz, and the logarithmic step size of a k-bin is

ε = δk/k = 0.1.

Our noise computation results are consistent with previous

studies (e.g., Koopmans et al. 2015). For SKA-1, the cosmic

variance is negligible, and the thermal noise is small compared

to the signal for k� 1Mpc−1. Consequently, the 21 cm signal

dominates over the noise except at small scales. This favorable

Figure 6. Distribution of the CC for all test data sets where the global signal is recovered from the 21 cm PS at different 3xed wavenumbers k = 0.1, 0.5, and

1.0 Mpc−1. The mean CC values are 0.95, 0.88, and 0.18, respectively, with variances of 0.05, 0.18, and 0.27. The recovery accuracy decreases signi3cantly at

k = 1.0 Mpc−1.
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signal-to-noise ratio allows for the effective reconstruction of

the global signal even in the presence of noise.

We model the measured 21 cm line PS as

( ) ( ) ( ) ( )= +P k P k N k , 1221

where P21(k) is the true 21 cm line PS signal, and N(k) is a

random draw from a Gaussian distribution with zero mean

and variance equal to the total noise PS ( ) =P kN
2

( ) ( )+P k P kthermal
2

cv
2 . In Figure 7, we show the comparison of

the 21 cm PS with the thermal noise PS at various redshifts. At

lower redshifts (z ∼ 8), the signal dominates, while at higher

redshifts (z ∼ 20), thermal noise becomes comparable to the

signal.

In Figure 8, we present the global signal recovered from a

noisy 21 cm line PS assuming SKA-1 experiment speci3ca-

tions. For comparison, we also show the recovered global

signal from a 21 cm PS with a thermal noise PS that is 1000

times larger than that of SKA-1, which is roughly comparable

to the noise levels of MWA or LOFAR (Mesinger et al. 2014).

Remarkably, we observe that the 21 cm global signal can be

adequately recovered from the 21 cm PS even when the

thermal noise is 1000 times higher than that of SKA-1. This

indicates the robustness of our ANN-based recovery method

against thermal noise. This result highlights the ANN’s ability

to effectively mitigate the impact of thermal noise, enabling

reliable recovery of the global signal even under challenging

observational scenarios. The robustness against such noise

levels emphasizes the applicability of this method not only for

SKA-1 but also for less sensitive instruments like MWA and

LOFAR.

In Figure 9, we display the distribution of the CC for the

recovery from the 21 cm PS including SKA-1 level thermal

noise. Even with thermal noise considered, most of the CC

values exceed 0.8, closely resembling the distribution obtained

when recovering the global signal from the 21 cm PS without

thermal noise. This result demonstrates that our ANN

maintains high accuracy in reconstructing the global signal

despite the presence of thermal noise.

The mean CC value of 0.83 and its variance of 0.15

quantitatively illustrate the resilience of the ANN-based

recovery method to observational noise. Such robustness is

particularly signi3cant for practical applications, where

thermal noise is unavoidable in real observational scenarios.

The ability to achieve high recovery accuracy under these

conditions emphasizes the suitability of ANN-based

approaches for analyzing 21 cm data from experiments like

SKA-1. Furthermore, this capability supports the potential for

cross-validation of recovered signals between interferometric

and single-dish observations, enhancing the reliability of

21 cm cosmological studies.

These results also underline the ANN’s potential to handle

complex observational noise environments without signi3cant

loss of accuracy. The method’s consistent performance across

varying noise levels reinforces its role as a robust tool for

bridging different observational strategies and extracting

meaningful cosmological information from noisy data sets.

Figure 7. Comparison of 21 cm PS and thermal noise PS. The 21 cm PS (at (k = 0.1 Mpc−1 )) is displayed as the solid curve, while the thermal noise PS is drawn as

the dashed curve.
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To further assess the robustness of our method, we

investigate whether the global signal from the cosmic dawn

to the EoR can be reconstructed using only the 21 cm PS at

redshifts corresponding to the EoR. Speci3cally, we use the

21 cm PS (without thermal noise) at redshifts z = 7.5–15,

corresponding to the EoR, and at multiple wavenumbers (k =

0.1–1.0 Mpc−1, divided into 30 bins). In this scenario, the

input to the ANN consists of the 21cm PS limited to

z = 7.5–15, while the output layer still covers the broader

redshift range z = 7.5–35 for the global signal. The total

number of input neurons is 2310 (77 redshift bins × 30

wavenumber bins), adjusted to match the reduced redshift

range of the input PS.

In Figure 10, we present examples of the recovered global

signal using only the 21 cm PS during the EoR. This 3gure

evaluates whether the PS at EoR redshifts contains suf3cient

information to reconstruct the global signal over a broader

redshift span. For one speci3c model, the ANN successfully

reconstructs the global signal across the redshift range,

suggesting that certain astrophysical processes during the

Figure 8. Recovered global signal from noisy 21 cm line PS. The target global signal (red solid line), recovered signal assuming SKA-1 thermal noise (green dotted

line), and recovered signal assuming thermal noise 1000 times larger than SKA-1 (blue dash-dotted line).

Figure 9. Distribution of the CC for the recovery from the 21 cm PS with thermal noise. The mean value and variance of the CC are 0.83 and 0.15, respectively.
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EoR leave a strong imprint on the PS that correlates with the

evolution of the global signal. However, the ANN fails to

accurately reconstruct the global signal for another model,

indicating that the EoR PS alone does not always encode

suf3cient information about earlier epochs.

In Figure 11, we show the distribution of the CC for all test

data sets in this scenario. The distribution reveals a mean CC

value of 0.774 with a variance of 0.0677, indicating moderate

success overall. However, the wide spread of CC values

highlights signi3cant variability among individual models. For

certain models, high CC values (close to 1) suggest that the

21 cm PS during the EoR contains suf3cient information to

infer the global signal from cosmic dawn. This is likely due to

strong correlations between astrophysical processes during

reionization, such as X-ray heating or early star formation, and

the thermal and ionization history of the IGM during cosmic

dawn. In these cases, large-scale features in the EoR PS, such

as ionization bubbles, act as effective proxies for earlier

cosmic conditions. Conversely, lower CC values observed for

some models indicate that the 21 cm PS at the EoR alone do

not always encode the necessary information for accurate

reconstruction. This discrepancy can arise in scenarios where

the processes governing the 21 cm PS during reionization are

weakly coupled to the thermal evolution of the IGM at earlier

Figure 10. Examples of the recovered 21 cm global signal using the 21 cm line PS during the EoR at z = 7.5–15. The red solid line represents the target global

signal, while the black dashed line shows the recovered signal from the EoR PS.
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epochs. For example, rapid reionization or minimal X-ray

heating may reduce the imprint of cosmic dawn on the 21 cm

PS at the EoR, resulting in less informative features.

5. Summary and Discussion

In this paper, we have introduced a novel method using

ANNs to recover the global 21 cm signal from the 21 cm PS.

This approach leverages the ANN’s ability to capture complex,

nonlinear relationships between these two observables, which,

despite lacking a direct model-independent mathematical

connection, share dependencies on common astrophysical

and cosmological parameters. Our results indicate that the

ANN-based method can accurately reconstruct the global

21 cm signal across a broad redshift range (z = 7.5–35),

achieving high CCs (CC > 0.8) even when realistic observa-

tional noise levels similar to those anticipated for SKA-1 are

included.

The recovery accuracy, however, signi3cantly depends on

the spatial scales (wavenumbers k) of the PS used as ANN

input. Larger scales (lower k modes, e.g., k = 0.1, 0.5 Mpc−1)

typically yield better reconstruction of the global signal, since

these scales carry astrophysical information closely correlated

with large-scale cosmic processes during cosmic dawn and the

EoR. In contrast, smaller scales (higher k), which primarily

probe small-scale astrophysical processes, are less effective at

constraining the sky-averaged global signal. It is important to

clarify that this difference in recovery accuracy arises not from

a direct mathematical averaging-out of small-scale 8uctuations

(as the global signal corresponds strictly to the k = 0 Fourier

mode), but rather from the indirect, model-dependent correla-

tions introduced by the underlying astrophysical parameters.

The ANN-based approach presented here is fundamentally

model-dependent, relying entirely on the training data

generated from physically motivated astrophysical and cos-

mological parameters. Consequently, while the method offers

a promising indirect way to infer the global signal from

interferometric data, it cannot provide a genuinely independent

validation of anomalous signals, such as the unexpectedly deep

21 cm absorption trough reported by EDGES. Speci3cally, if

the observed global signal re8ects physics beyond the

scenarios included in the training data set, the ANN approach

would not identify it as novel physics but rather interpret it

within the limited parameter space it has learned. Hence,

future work must focus on expanding the training data set to

include broader parameter ranges and non-standard physical

scenarios, enhancing the ANN’s ability to detect or distinguish

unexpected physical phenomena.

Additionally, the robustness of this ANN approach hinges

upon the comprehensiveness and representativeness of the

training data sets. While the current study varied astrophysical

parameters within plausible ranges, it is essential for future

studies to systematically explore the sensitivity of ANN

predictions to the choice of training parameters and model

assumptions. Furthermore, the uncertainty quanti3cation of

ANN predictions remains a signi3cant challenge. Incorporat-

ing Bayesian neural network techniques or ensemble-based

uncertainty estimations will be crucial in future extensions to

quantify the con3dence in reconstructed signals properly.

In this study, we focused on the ability of our ANN to

reconstruct the global 21 cm signal in the presence of thermal

noise. However, for upcoming experiments such as HERA,

foreground contamination, particularly from galactic synchro-

tron radiation, will be a signi3cant challenge. HERA is

Figure 11. Distribution of the CC for all test data sets when recovering the global signal using the 21 cm PS during the EoR. The mean CC is 0.774, and the variance

is 0.0677.
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expected to provide higher sensitivity measurements of the 21

cm signal, but foregrounds, especially at large angular scales,

may dominate the observed signal. While our ANN has

demonstrated robustness under thermal noise conditions, its

ability to accurately reconstruct the 21 cm signal in the

presence of foregrounds remains an open question. Future

work will need to explore how well our method can generalize

to these foreground-dominated regions and whether additional

techniques such as foreground subtraction or model-based

correction can be integrated with the ANN to enhance its

performance. We suggest that a more comprehensive study of

the combination of ANN and foreground removal methods will

be essential for improving the accuracy of signal reconstruc-

tion in upcoming HERA observations.

In conclusion, the ANN-based method developed in this

study offers a valuable complementary analytical tool for

21 cm cosmology, particularly useful due to its computational

ef3ciency and capability to capture complex nonlinear

relationships. While acknowledging its inherent model-

dependence and current limitations, this approach represents

a meaningful advancement in utilizing ML techniques to

extract astrophysical information from upcoming 21 cm

observations.
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