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Abstract
At present, the vast majority of imaging-dominated galaxy and quasar survey
projects rely heavily on photometric redshifts to obtain redshift information
for tens of millions to billions of celestial objects, thereby supporting frontier
scientific research on the large-scale structure of the universe, the properties
of dark energy, and related topics. In this context, machine learning methods,
owing to their efficiency and scalability, have become mainstream tools for ob-
taining high-precision photometric redshifts. This paper systematically reviews
recent advances in the application of machine learning to photometric redshifts,
including algorithm classifications, model optimization strategies, and typical
application scenarios, and, in conjunction with practical case studies, analyzes
the technical characteristics and performance differences of different machine
learning architectures.
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supporting frontier scientific research on the large-scale structure of the
Universe, dark-energy properties, and related topics. Against this background,
machine-learning methods, owing to their efficiency and scalability, have
become mainstream tools for obtaining high-precision photometric redshifts.
This paper systematically reviews recent research progress in the application
of machine learning to photometric redshifts, including algorithm classifica-
tion, model-optimization strategies, and typical application scenarios. In
combination with practical cases, it analyzes the technical characteristics and
performance differences of different machine-learning architectures.
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1 Introduction
Major scientific questions in current extragalactic astronomy include the forma-
tion and evolutionary pathways of galaxies, the spatial distribution and physical
properties of dark matter, and the formation and evolutionary laws of the large-
scale structure of the Universe. Breakthroughs in these areas all depend on
accurate distance measurements for large samples of galaxies. Traditionally,
such distance measurements have mainly been achieved by observing the spec-
troscopic redshift caused by cosmic expansion. Limited by actual observing
conditions—especially for extremely faint objects or large-scale galaxy samples—
spectroscopic observations remain time-consuming and highly inefficient, even
though advanced multi-object spectroscopy and slitless-spectroscopy techniques
have developed rapidly. This limitation directly promoted the emergence of
photometric redshift as an alternative estimation method. The theoretical pro-
totype of this method was first proposed by Baum[1], then systematically im-
proved by Butchins[2], and a complete theoretical framework was established
by Connolly et al.[3]. Photometric-redshift methods are based on the statistical
association between the intrinsic energy distribution and redshift derived from
multi-band photometric data of galaxies; they can estimate celestial distances in
the absence of spectroscopic observations, thereby providing key methodological
support for galaxy-cosmology studies using large-scale multicolor survey data.

In the history of photometric-redshift research, the true milestone was the Sloan
Digital Sky Survey (SDSS). As the first large-scale digital survey project to real-
ize coordinated multi-band photometric and spectroscopic observations[4], SDSS
not only revolutionized the mode of astronomical data acquisition, but also pro-
vided an unprecedented experimental platform for the diversified development
of galaxy-distance measurement methods. This pioneering project enabled as-
tronomers to systematically explore the effectiveness of various photometric-
redshift methods. SDSS’s successful expe[[unclear: text continues beyond the
visible page]]
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experiments directly promoted the implementation of a subsequent series of ma-
jor survey projects, including the Cosmic Evolution Survey (COSMOS)[5], the
Dark Energy Survey (DES)[6], the Kilo Degree Survey (KiDS)[7], the Hyper
Suprime-Cam Survey (HSC)[8], the James Webb Space Telescope (JWST)[9],
the Euclid Space Telescope[10], the Vera C. Rubin Observatory Legacy Survey
of Space and Time (LSST)[11], as well as the soon-to-be-operated Nancy Grace
Roman Space Telescope (Roman)[12] and the Chinese Space Station Survey
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Telescope (CSST)[13]. Against this background, by integrating high-precision
multi-band photometric data for massive galaxy samples with prior spectral
libraries, astronomers have successfully carried out studies in precision cosmol-
ogy and achieved remarkable results, marking the formal entry of photometric
redshift into the stage of large-scale engineering application.

The principle of photometric redshift methods is that, under the influence of cos-
mological expansion, galaxy spectra shift toward the red end, causing galaxies of
the same type but at different distances to exhibit distinguishable photometric
features in their multi-band magnitudes and colors within a given photomet-
ric system. A typical example is the Lyman-𝛼 galaxy (Ly𝛼 emitter, LAE)[14],
which at high redshift can be observed because cosmic expansion redshifts the
Ly𝛼 emission line into the visible or near-infrared bands. However, practical
application is far from so simple: the mapping function from photometric-
parameter space to redshift space is highly nonlinear, and its complexity arises
from the coupled action of multiple factors, including different galaxy morpholo-
gies, large-scale-structure environments, and evolutionary stages.

Current photometric-redshift estimation methods can be grouped into two major
categories:

(1) Spectral energy distribution (SED) template fitting[15,16]. This method
estimates redshift values by comparing the degree of match between ob-
servational data and theoretical or empirical templates. Theoretical tem-
plates[17] synthesize theoretical spectra based on stellar-evolution models,
while empirical templates[18] directly use observed galaxy spectra to con-
struct template libraries. The advantage of this method lies in its strong
physical interpretability, but it depends heavily on the completeness of the
template library and is readily affected by uncertainties such as interstellar
extinction effects and instrumental response functions.

(2) Machine-learning (ML)-driven empirical methods[19–22]. Such data-
driven methods make predictions by establishing nonlinear mappings
from photometric-parameter space to redshift space. Supervised learning
trains regression models on spectroscopically verified samples; unsuper-
vised learning uses methods such as self-organizing mapping (SOM) to
mine potential associations between photometric features and redshifts
in unlabeled data; and hybrid enhancement strategies combine trans-
fer learning with semi-supervised learning to alleviate the scarcity of
spectroscopic data.

Compared with the former category, machine-learning methods stand out in
terms of large-data processing efficiency and the ability to capture complex pat-
terns, but they face challenges such as weak physical interpretability and limited
extrapolative generalization capability. Recent research trends show that the
two categories of methods are gradually moving toward integration. For exam-
ple, SED templates, galaxy images, galaxy morphology, galaxy mass, and other
quantities can be embedded as physical constraint terms into neural-network
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loss functions, forming a new framework of physics-informed ML[23]. It should
be noted that SED template-fitting methods likewise have diverse variants; var-
ious hybrid methods, such as those combining Bayesian inference with nested-
sampling techniques[24], have further expanded the application dimensions of
this class of methods.

Accurate determination of the basic physical parameters of galaxies is one of
the scientific goals of large-scale surveys. In theory, machine-learning methods
can not only estimate redshifts, but also further infer key physical quantities
such as the star formation rate (SFR) and galaxy stellar mass[25]. For example,
Bonjean et al.[26] trained a random forest (RF) model based on SDSS Data
Release 8 (DR8) spectroscopic data, successfully applying it to the Wide-field
Infrared Survey Explorer,

WISE)[27], for the simultaneous estimation of the SFR and galaxy stellar mass
of near-infrared source samples; Mucesh et al.[28] applied this method to DES
survey data, where it still exhibited good performance despite limited photomet-
ric parameters. The Euclid team[29] investigated the performance of template
fitting and machine-learning methods (CatBoost, deep neural networks, etc.)
in recovering redshift, galaxy stellar mass, SFR, and other physical parameters
from simulated Euclid satellite observations. In view of the data characteristics
of the Euclid wide survey (EWS) and the Euclid deep fields (EDF), they com-
pared the advantages and disadvantages of training strategies based on matched
labels and mixed labels, finding that, for wide-field surveys, the best results can
be obtained by using labels derived from template-fitting training on deep-field
data together with wide-field features[29–31]. These results fully demonstrate
that machine learning can effectively uncover the complex correlations between
photometric redshift and the physical properties of galaxies, laying a key foun-
dation for the scientific output of next-generation large-scale survey projects
such as Euclid and CSST.

This paper focuses on machine-learning estimation methods for photometric
redshifts and systematically analyzes the advantages and limitations of various
algorithms. Through a comprehensive discussion of the key issues in this field, it
aims to provide astronomers with theoretical support and practical guidance for
constructing a more efficient and accurate redshift-estimation system, thereby
serving the scientific exploration of next-generation survey projects such as Eu-
clid and CSST and enhancing their scientific value.

2 Machine-Learning Methods
The observing speed of current galaxy photometric surveys has far exceeded
the capacity of spectroscopic follow-up observations. For example, LSST is
expected to observe 37 million galaxies per year, whereas spectroscopic observa-
tions can cover only about 0.1%. Therefore, photometric-redshift methods have
become an indispensable research tool in extragalactic astronomy. Studies have
shown that, within the coverage range of the spectroscopic training set, machine-
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learning methods can achieve a prediction accuracy of |Δ𝑧|/(1 + 𝑧spec) < 0.01,
where Δ𝑧 = 𝑧phot − 𝑧spec is the difference between the predicted value and the
true value. However, when this method is extrapolated to regions of parameter
space not covered by the training set (e.g., 𝑧 > 2.5), its predictive accuracy
shows a systematic decline[32]. Even so, machine-learning methods have also
made major progress in studies of special types of objects. For example, in
quasar redshift estimation, random forest algorithms have successfully reduced
the outlier rate to one-third that of traditional methods[33]; generalized additive
models have successfully predicted the redshifts of 276 long-duration gamma-ray
bursts[34]. These innovative methods have promoted the transformation of pho-
tometric redshift from a purely “statistical tool”into a “physical diagnostic
instrument.”The representative methods and basic principles in this field are
summarized below.

First are methods dominated by classical machine learning:

(1) Self-organizing maps[35–37]. SOM projects high-dimensional photometric
data onto a two-dimensional grid through unsupervised learning, so that
objects with similar photometric features are distributed near one another
in the grid. By further combining a small number of labeled nodes with
known redshifts, or subsequent regression methods, the redshifts of objects
at unlabeled nodes can be inferred. This method is particularly suitable for
batch calibration of photometric redshifts in large-scale surveys, but it is
relatively sensitive to samples at node boundaries. Because SOM can per-
form local calibration based on known-redshift samples within nodes (such
as mean-value or regression correction)[38], and because it uses topology-
preserving discretized mapping, it can effectively identify the data distri-
bution to correct biases, thereby reducing systematic errors. This method
is suitable for visualization analysis of massive data sets and preliminary
estimation of photometric redshifts.

(2) Supervised feed-forward neural networks[22,39–46]. Supervised feed-
forward neural networks use multiband photometric data of celestial
objects (such as magnitudes and colors) as input and, using a labeled
training set (with known spectroscopic redshifts), learn nonlinear mapping
relations. After feature extraction by hidden layers, they output predicted
redshift values, and then optimize parameters through backpropagation
to minimize prediction errors, thereby realizing regression modeling from
photometric data to redshift.

(3) Methods for adaptively detecting and removing anomalous photometric or
spectroscopic data[47–50]. Adaptive neural networks (self-adaptive neural

networks) dynamically adjust network weights or structures and combine them
with anomaly-scoring mechanisms—such as reconstruction error and prediction
bias—to learn online the distributional characteristics of normal photometric
data, identify anomalous points that deviate from the pattern or are affected by
noise, and adaptively optimize the removal of data above a threshold, thereby
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achieving highly robust outlier filtering. For example, Cavuoti et al.[51] intro-
duced a redshift–color prior relation into the loss function, improving prediction
accuracy by embedding constraints from physical terms.

(4) Support vector machines[19, 52]. A support vector machine (SVM)
searches for the optimal hyperplane in a high-dimensional feature space
and maximizes the separation between different redshift classes, thereby
enabling classification or regression prediction of photometric redshifts.
Its kernel functions, such as the Gaussian kernel, can nonlinearly map
photometric-band data and reduce the complex degeneracy between
redshift and photometric features, making the method particularly
suitable for small-sample, high-dimensional data. SVMs are often
combined with template-fitting methods or spectral features to improve
robustness for low signal-to-noise data. The choice of kernel function has
a significant impact on performance, and the computational complexity
grows superlinearly with sample size.

(5) Tree-based methods[21, 53–58]. These include a series of variants such as
random forests, gradient boosting decision trees (GBDT), and CatBoost,
which offer both interpretability and the ability to handle missing data.
Among them, RF[21, 59] constructs multiple decision trees to vote on or
average predictions from the photometric data of celestial objects, using
bootstrap aggregation (bagging) to reduce variance and enhance general-
ization; each tree randomly selects features and samples to reduce overfit-
ting, thereby stably handling high-dimensional and nonlinear photomet-
ric data. Its inherent feature-importance assessment can also help select
key bands and improve prediction accuracy. GBDT[57, 60], by contrast,
iteratively trains multiple weak decision trees, with each tree focusing
on correcting the prediction residuals of the preceding tree, thereby pro-
gressively optimizing the nonlinear relationship between photometric data
and redshift. By combining a boosting strategy with regularization tech-
niques, such as learning-rate and tree-depth control, it effectively reduces
bias and suppresses overfitting, enabling high-precision redshift prediction
from noisy, multi-feature photometric data; feature-importance analysis
can further reveal the contribution of key bands to redshift estimation.
CatBoost[54] uses oblivious trees and ordered boosting to process categor-
ical features, such as filter bands, and numerical features in astronomical
photometric data, effectively reducing overfitting. Its built-in feature per-
mutation and adaptive learning-rate mechanisms can automatically op-
timize the redshift-prediction model, making it particularly suitable for
high-dimensional, noisy photometric data. At the same time, it efficiently
encodes categorical variables through target-variable statistics, improving
the accuracy and robustness of redshift regression.

(6) 𝑘-nearest-neighbour algorithms[20, 61–64]. The 𝑘-nearest-neighbours
(kNN) method computes the similarity, such as Euclidean distance,
between the photometric data of a target celestial object and objects
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in the training set, selects the nearest 𝑘 samples, and uses their mean
redshift or a weighted value as the prediction result. This method requires
no explicit modeling and relies directly on the local data distribution,
making it suitable for nonlinear relationships; however, it is sensitive to
feature scaling and sample density, and its computational complexity
increases substantially as the data volume grows.

(7) Gaussian processes[65, 66]. A Gaussian process (GP) assumes that the
mapping between photometric data and redshift follows a Gaussian ran-
dom field, and uses a covariance function, such as a radial basis kernel,
to characterize the similarity among the photometric features of differ-
ent celestial objects, thereby predicting redshifts and their uncertainties.
Its nonparametric nature allows it to flexibly fit complex nonlinear rela-
tionships and naturally provide prediction confidence intervals, making
it especially suitable for small-sample, high-precision redshift estimation,
although it has relatively high computational-resource requirements.

(8) Mixture density networks[67, 68]. A mixture density network (MDN)
combines neural networks with a Gaussian mixture model, learning the
multimodal conditional probability distribution from photometric data to
redshift rather than producing a single predicted value. Its outputs are
the parameters of multiple Gaussian distributions—weights, means, and
variances—which can capture complex nonlinear relationships and uncer-
tainties in redshift estimation and provide comprehensive probabilistic
prediction results, making it particularly suitable for data with multiple
solutions or noise interference.

With the development of computer performance and the increasingly stringent
requirements for redshift accuracy, deep learning has begun to be widely applied
to photometric-redshift estimation. Representative methods include:

(9) Neural networks for combined images[69–73]. Many neural-network mod-
els are suitable for combined images, including deep neural networks
(DNNs), convolutional neural networks (CNNs), recurrent neural networks
(RNNs), and long short-term memory networks (LSTMs). These models
directly learn, end to end, the complex mapping between multi-band pho-
tometric images of celestial objects and redshift. Through convolutional
layers, they automatically extract local pixel patterns (such as galaxy
morphology and color gradients) and global distributional features. Com-
bined with multi-task learning or attention mechanisms, they can simul-
taneously model the nonlinear relationship between images and redshift,
significantly improving prediction accuracy. They are especially suitable
for high-dimensional, structured photometric image data and surpass tra-
ditional methods based on tabular features.

(10) Hybrid applications of machine-learning methods[50, 74–76]. Hybrid
machine-learning methods combine the advantages of different algorithms
(such as SVM kernel techniques, feature selection in random forests,
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and nonlinear fitting by neural networks) and collaboratively model the
complex relationship between photometric data and redshift through
cascading, stacking, or weighted fusion. As a result, they surpass single
models in accuracy, robustness, and uncertainty quantification, and are
particularly suitable for astronomical data with multimodal distributions;
they can be used in cosmological studies that require high photometric-
redshift accuracy. For example, Lin et al.[50] used supervised contrastive
learning (SCL) and the kNN algorithm to construct and calibrate
estimates of the original redshift probability distribution function (PDF).

The machine-learning methods above can be broadly divided into unsupervised
learning (method (1)) and supervised learning (methods (2)–(10)). Among them,
the premise for applying supervised learning methods to photometric-redshift
prediction is that a complex mapping model must be established between multi-
band photometric data and the distances to celestial objects. If the redshift
distribution of the training set can continuously cover the target interval, the
sampling density in color–magnitude space is sufficient, and the proportions
of special object types are representative, then machine-learning models can ex-
hibit excellent redshift-prediction performance[30, 32]. However, as noted above,
this high-precision predictive capability is strictly limited by the boundaries of
the feature space defined by the training set. When the object to be predicted
exceeds the parameter coverage of the training samples—such as having a higher
redshift or more extreme color features—the model performance will show sys-
tematic degradation. It is worth noting that, compared with traditional machine
learning (methods (1)–(8)), deep learning (method (9)) appears on the surface
to be a tool for solving problems, but in essence it represents a major leap.
Mathematically, it can be shown that a neural network containing at least one
hidden layer can fit arbitrarily complex functions, whereas traditional machine
learning is constrained by shallow models and can only approximate simple func-
tions; by increasing the number of network layers, deep learning can achieve an
exponential improvement in model-fitting capability. The most fundamental
distinction between the two in photometric-redshift estimation lies in how input
features are processed. The advantage of deep learning is its end-to-end learn-
ing paradigm and its capacity for “automatic feature-representation learning”
: through multiple nonlinear transformations, it can automatically learn and
extract optimal hierarchical features for redshift prediction directly from more
primitive data forms, thereby bypassing or greatly simplifying the steps of man-
ual feature engineering and shifting the primary task from designing the best
features for the algorithm to designing the best model architecture.

In addition to dependence on the coverage of the training set, machine-learning
methods also face another challenge: handling missing data. When a large
amount of data is missing from the training set, the results of most models
often produce systematic biases. The mechanism behind such biases is that the
model needs to define an effective “metric distance,”and for this distance to
operate correctly, it must be based on input spaces with the same dimensionality.
The complexity of this problem is especially pronounced in astronomy, because
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“missing data”is not a single concept. It can be divided into two categories: first,
“data voids”caused by observational limitations, such as detector bad pixels or an
object lying outside the observed region; such missingness carries no information
about the object itself. Second, the observed magnitude has reached the limit.
Although the latter is often marked as a missing value in data tables, it clearly
indicates that the object’s brightness in that band is below a known threshold,
which is itself important physical constraint information. A classic example is
the “Lyman break”or “dropout”phenomenon used to discover high-redshift
galaxies. For example, in a galaxy with redshift 𝑧 ≈ 4, radiation in its spectrum
below the Ly𝛼 line (rest-frame 121.6 nm) is completely absorbed by neutral
hydrogen, causing it to“disappear”or become undetectable in blue bands (such
as the 𝑢 and 𝑔 bands), but in red bands (such as

𝑟 and 𝑖 bands) remain visible. Such “non-detections”in specific bands are pre-
cisely the key features for identifying high-redshift objects. Therefore, effectively
using non-detection information, rather than simply discarding or filling it in, is
crucial for constructing robust photometric-redshift models. When the propor-
tion of missing data is low, common approaches are to remove incomplete data
or apply various data-imputation techniques[77]; for datasets with high missing
rates, however, a more reliable solution is to adopt algorithms that are more
robust to missing data, such as probabilistic random forest[49] and generative
adversarial imputation network (GAIN)[78].

In the actual model-training process, partitioning the sample set is also a key
step. For randomly dividing samples into training, validation, and test sets,
there is currently neither a clearly defined standard for the relative proportions
nor a unified specification for the sampling mechanism; methods such as random
sampling and interval sampling may be used. Although trial and error can be
used to seek the optimal partitioning strategy and sampling method, as a rule
of thumb, when the data volume is sufficient—at least on the order of 103—
a random data split in proportions of 60%, 20%, and 20% is a conventional
choice.

To overcome the bottlenecks of any single method, researchers have begun ex-
ploring innovative schemes that integrate different approaches. Traditional
SED-fitting methods, while theoretically having no upper redshift limit, usu-
ally achieve lower predictive accuracy than supervised machine-learning meth-
ods when sufficient data are available; conversely, machine-learning methods,
though more accurate, are constrained by the parameter space of the train-
ing samples. It is precisely this pronounced complementarity that has stimu-
lated extensive recent research on hybrid methods combining the strengths of
both, with the aim of breaking through their respective inherent limitations. A
relatively direct model is the classification-aided photometric redshift (𝑧) esti-
mation (𝐶𝑃𝑧) method[79], which combines template fitting with RF classifiers
to identify objects such as stars, normal galaxies, AGN, and quasars (QSO),
and to estimate their redshifts. This method first uses LePhare[15] for SED
template fitting, then employs three RF classifiers respectively for star identi-
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fication, optimal redshift-template-library matching, and outlier detection, and
finally integrates the results through probability thresholds. Experiments on
SDSS multi-band data[80] show that the 𝐶𝑃𝑧 method achieves a photometric-
redshift accuracy of 𝜎 = 0.039 for normal galaxies and AGN, with an outlier
rate of only 2.3%; moreover, it can effectively distinguish QSOs from stars
without requiring X-ray data, thereby providing a new tool for high-precision
cosmological studies. Another scheme adopts a hierarchical Bayesian fusion
strategy; by integrating the PDFs of different models—including PDFs obtained
from template-fitting and machine-learning methods—this approach significantly
improves the accuracy of single-model performance evaluation[81,82]. Another
mainstream direction for fusion focuses on optimizing the SED templates them-
selves. For example, perturbation algorithms can be used to dynamically adjust
the shapes of SED templates according to observed photometric data, after
which the adjusted templates are applied to template fitting, thereby obtaining
more accurate redshift predictions[83]. This method has been validated on a
CSST simulated catalog, successfully reducing the outlier rate from 3.86% to
2.55%[84]. In addition, some schemes use machine learning to directly construct
large-scale, more representative SED template libraries from photometric data
and combine them with multi-band data for outlier analysis. This not only
optimizes existing photometric-redshift software that combines template fitting
and machine learning, such as Delight[85], but also reveals a new phenomenon
in which narrow-band data may introduce outliers[35,65].

Recently, a hybrid algorithm named HAYATE (hybrid algorithm for wi(Y)de-
range photo-𝑧 estimation with artificial neural networks and template fitting)
has further demonstrated the potential of this field. This method innovatively
combines artificial neural networks with template fitting, using the SEDs of
low-redshift galaxies to generate simulated data covering a broader redshift
range while simultaneously optimizing redshift estimation and probability dis-
tributions, thereby achieving dual improvements in accuracy and robustness.
Tests show that HAYATE yields smaller errors than the traditional template-
fitting method EAZY in the low-redshift range, performs comparably in the
high-redshift range, and is about 100 times faster computationally. Although
this method provides an efficient, high-precision redshift-estimation solution for
large-scale survey projects such as JWST, the study also points out that, for
rare objects such as active galactic nuclei, its template library still needs to be
expanded[86].

3 Methods and Metrics for Evaluating Model Performance
Given the growing diversity of photometric-redshift estimation methods, it is
essential to establish a unified evaluation framework so that different methods
can be compared fairly; large survey projects have further stimulated a series
of standardized assessments. Many studies have attempted to systematically
compare the strengths and weaknesses of different methods by formulating uni-
fied data protocols and evaluation standards[32,87]. The Photometric Redshift
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Accuracy Testing (photo-z accuracy testing, PHAT)[88,89] pioneered this type of
assessment, and similar competitions were subsequently launched by the Euclid
and LSST projects[30,32]. These tests all adopt a blind-testing mechanism: part
of the data set is used as an independent test sample, and participants cannot
access these data during model construction, thereby ensuring the objectivity
and fairness of the evaluation[90]. Evaluation is usually based on standardized
statistical metrics, including standard deviation, bias, normalized median ab-
solute deviation, root-mean-square error, and outlier fraction. Assessing the
quality of photometric-redshift estimation from the perspective of point esti-
mates is a widely recognized evaluation system with sufficient credibility in the
community.

Because relying solely on point estimates to represent photometric-redshift qual-
ity introduces systematic deficiencies and may lead to significant biases, the field
is gradually shifting toward using PDFs to construct a more comprehensive
confidence-interval evaluation system, thereby effectively improving the reliabil-
ity of high-precision applications by quantifying the uncertainty distribution of
redshift estimates. From the perspective of information content, a PDF can
provide rich information that point estimates cannot capture, making it a su-
perior evaluation carrier; in particular, when degeneracies exist in parameter
space, the PDF can reflect secondary solutions caused by those degeneracies. In
practical applications, PDFs can not only improve the precision of cosmological
and weak-lensing measurements, but also enable a full analysis of uncertainties
in various cosmological parameters ranging from weak lensing tomography to
baryon acoustic oscillation (BAO)[91]. At present, survey projects such as KiDS,
Euclid, and LSST have comprehensively upgraded the standards of their data
products: their catalogs contain not only point estimates, but also complete
PDF statistical features[30].

Although the community has reached a consensus on adopting PDFs, no unified
standard has yet been formed for how to quantitatively evaluate the quality of
the PDFs themselves. This divergence is particularly evident in the two major
survey projects Euclid and LSST. The Euclid project first assigns sources to
different photometric-redshift bins according to their point estimates, obtains
PDF(𝑧 −𝑧spec), and then uses as optimization parameters the ratios of the PDF
area within the intervals ±0.05(1 + 𝑧spec) (denoted 𝑓0.05) and ±0.15(1 + 𝑧spec)
(denoted 𝑓0.15) around the peak of the stacked PDF to the total PDF area[30].
Amaro et al.[92] pointed out that such metrics have significant limitations: if
the designed PDF is a unimodal distribution around the point estimate, the
prediction results can easily meet the optimization criterion, thereby leading to
distorted evaluation results. Tests based on the KiDS DR3 data set (𝑧spec < 1)
show that, when a mock PDF scheme is adopted, its 𝑓0.05 and 𝑓0.15 metrics
can reach 93.1% and 99.0%, respectively; whereas the corresponding metrics
obtained by mature algorithms (METAPHOR, ANNz2, BPZ) are 65.6%, 76.9%,
and 46.9% (𝑓0.05), and 91.0%, 97.7%, and 92.6% (𝑓0.15), respectively. This
finding indicates that using 𝑓0.05 and 𝑓0.15 as comprehensive evaluation metrics
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for photometric-redshift PDFs has significant limitations.

LSST, by contrast, adopts commonly used metrics related to the cumulative dis-
tribution function (CDF) of the PDF, including the probability integral trans-
form (PIT)

𝑃𝐼𝑇 (𝑥val, 𝑦val) = ∫
𝑦val

−∞
̂𝑝(𝑦|𝑥val) 𝑑𝑦, (1)

and the highest probability density (HPD)

𝐻𝑃𝐷(𝑥val, 𝑦val) = ∫
𝑦∶𝑝̂(𝑦|𝑥val)≥𝑝̂(𝑦val|𝑥val)

̂𝑝(𝑦|𝑥val) 𝑑𝑦, (2)

where 𝑥val denotes the photometric data, ̂𝑝 denotes the PDF, 𝑦 is the redshift,
and 𝑦val is the true redshift used for validation; schematic illustrations of the
two calculations are shown in Figure 1. The PIT and HPD metrics are directly
related to the 𝑝-value and 𝑒-value in Bayesian diagnostics. It should be noted
that, although each source

The PDFs all have PIT/HPD values, but model performance is discussed
through the PIT/HPD distributions formed from a large number of samples. In
general, this is carried out by visually analyzing quantile–quantile (QQ) plots
of the overall PIT and HPD distributions. The study by Harrison et al. [93]
showed that, even in the multivariate case, if the model is well calibrated at
the overall level, HPD, like PIT, will follow a uniform distribution. A QQ plot
compares the distribution of the statistic (PIT/HPD) with the hypothesized
uniform distribution. In an ideal QQ plot, all points should lie tightly along the
diagonal, indicating complete agreement between the empirical and theoretical
distributions. If the probability distribution of PIT/HPD lies toward the two
ends, it indicates that the model predictions are overconfident; if it lies in the
middle region, the model is underconfident. Some other indicators are also
commonly used to quantitatively determine the uniformity of the PIT/HPD
distribution, such as relative entropy (Kullback–Leibler divergence, KL), the
KS (Kolmogorov–Smirnov) test, the CvM (Cramér–von Mises) test, and the
AD (Anderson–Darling) statistic.

Probability Integral Transform (PIT)  Highest Probability Density (HPD)

𝑦val  𝑦val

Note: The solid line is the assumed redshift PDF, and 𝑦val denotes the true
redshift value. The shaded area in the figure represents the corresponding PIT
and HPD values.

Figure 1 Construction principles of PIT and HPD [87]
Although PIT and HPD indicators are widely used, subsequent studies have
pointed out that they are not perfect and may still give misleading results
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under certain circumstances. Schmidt et al. [32] noted that even if the PDF
is not accurately estimated, its values may still exhibit the characteristics of a
uniform distribution. In the absence of the true photometric-redshift posterior
distribution, at present only the conditional density estimation (CDE) loss can
be used to evaluate the performance of photometric-redshift PDFs; it is defined
as

ℒ(𝑓, ̂𝑓) = ∬ [ ̂𝑓(𝑧|𝑥) − 𝑓(𝑧|𝑥)]
2

d𝑧 d𝑃(𝑥), (3)

where 𝑓(𝑧|𝑥) represents the unknown true redshift PDF, and ̂𝑓(𝑧|𝑥) is the PDF
given by the model based on the photometric data 𝑥. This loss function can
be regarded as the counterpart of the mean-square error (MSE) in standard
regression. Since the CDE loss depends on the true PDF, its value cannot be
calculated directly, but it can be estimated in the following way:

̂ℒ = 𝐸𝑥 [∫ ̂𝑓(𝑧|𝑥)2 d𝑧] − 2𝐸𝑥,𝑧 [ ̂𝑓(𝑧|𝑥)] + 𝐾𝑓 , (4)

where the first term denotes the expectation of the photometric-redshift poste-
rior with respect to the marginal distribution of the photometric data 𝑥; the
second term denotes the expectation with respect to the joint distribution of
𝑥 and all possible redshift space 𝑧; and the third term, 𝐾𝑓 , is a constant that
depends only on the true PDF. The most significant advantage of the CDE loss
function is that, even when the true PDF distribution is not known, it can still
estimate a loss function relatively close to the true one.

functions, differing at most by a constant term (for the detailed derivation, see
Eq. (7) and the related discussion in Ref. [94]). This property makes it possible,
even in the current absence of true PDF data, to quantitatively compare the
estimation methods for existing datasets.

In summary, whether using traditional point-estimation metrics or emerging
PDF evaluation functions, each method has its own applicable scenarios and
limitations. Table 1 summarizes the principal statistics currently used for point
estimation and PDF optimization. Although optimizing any single one of these
indicators may lead to the generation of a meaningless PDF, considering these
indicators in combination can still yield relatively reliable criteria for judgment.
Selecting appropriate optimization methods and metrics for evaluating PDF
reliability remains an open research question.

Table 1 Statistics used for photometric-redshift point estimation and
PDF optimization [50]
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Statistic Calculation method

Mean point estimate ∫𝑧max

0 𝑧 × 𝑝(𝑧 ∣ 𝑥) d𝑧
Peak point estimate {𝑧 ∣ max(𝑝(𝑧 ∣ 𝑥))}
Cumulative distribution function
𝐶(𝑧 ∣ 𝑥)

∫𝑧
0 𝑝(𝑧 ∣ 𝑥) d𝑧

Relative residual (𝑧phot − 𝑧spec)/(1 + 𝑧spec)
Normalized median absolute
deviation (𝜎NMAD)

1.482 6 × 𝑀(∣Δ𝑧 − 𝑀(Δ𝑧)
1 + 𝑧spec

∣)

Probability integral transform [32] ∫𝑧spec

0 𝑝(𝑧 ∣ 𝑥) d𝑧
Odds [68] ∫𝑧phot+𝜉𝑧

𝑧phot−𝜉𝑧
𝑝(𝑧 ∣ 𝑥) d𝑧

Highest probability density [87] ∫𝑦∶ 𝑝(𝑧∣𝑥)≥𝑝(𝑧spec∣𝑥) 𝑝(𝑧 ∣ 𝑥) d𝑧
First-order optimal transport distance ∫𝑧spec

0 𝐶(𝑧 ∣
𝑥) d𝑧 + ∫𝑧max

𝑧spec
|1 − 𝐶(𝑧 ∣ 𝑥)| d𝑧

Continuous ranked probability score ∫𝑧spec

0 𝐶(𝑧 ∣ 𝑥)2 d𝑧 + ∫𝑧max

𝑧spec
(1 − 𝐶(𝑧 ∣

𝑥))2 d𝑧
Cross entropy − lg(𝑝(𝑧spec ∣ 𝑥))
Entropy − ∫𝑧max

0 𝑝(𝑧 ∣ 𝑥) lg(𝑝(𝑧 ∣ 𝑥)) d𝑧
Standard deviation (𝜎) √∫𝑧max

0 (𝑧 − 𝑧phot)2𝑝(𝑧 ∣ 𝑥) d𝑧
Skewness ∫𝑧max

0 (𝑧 − 𝑧phot)3𝑝(𝑧 ∣ 𝑥) d𝑧/𝜎3

Kurtosis ∫𝑧max

0 (𝑧 − 𝑧phot)4𝑝(𝑧 ∣ 𝑥) d𝑧/𝜎4

Conditional density loss ( ̂ℒ) [32] 𝐸𝑥 [∫ 𝑝(𝑧 ∣ 𝑥)2 d𝑧] − 2𝐸𝑥,𝑧[𝑝(𝑧 ∣
𝑥)] + 𝐾𝑓

𝑓0.05/0.15 [30] ∫𝑧peak+0.05/0.15
𝑧peak−0.05/0.15 𝑝((𝑧 − 𝑧spec)/(1 + 𝑧spec) ∣ 𝑥) d𝑧

Note: 𝑀 denotes the median function.

It should be noted that, in practical applications, machine-learning models often
face complex and variable scenarios, and the stability and reliability of their
performance still require further investigation; for example, not all photometric
data are suitable for machine learning. The next chapter will focus on describing
the uncertainties that may arise for such models under different circumstances,
in order to understand the characteristics of the models and the potential impact
of their applications.

4 Uncertainty in Photometric-Redshift Estimation by Ma-
chine Learning
Modern galaxy cosmology research imposes extremely stringent requirements on
reducing various errors. For example, in tomographic imaging studies on cosmo-
logical scales, in order to control the influence of noise in dark-energy estimation,
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it is necessary to ensure that the bias and dispersion within each redshift bin
are approximately 0.003 or lower [95]. Photometric-redshift errors blur large-
scale structure and affect the measurement precision of clustering algorithms,
but this effect is mainly confined to relatively small scales. In the context of
large-area photometric surveys, a certain level of error can also provide valuable
structural information, which is of great significance for cosmological research
[96].

Different types of galaxies exhibit different behavior in photometric-redshift esti-
mation. For example, machine-learning studies based on SDSS data show that
the redshift scatter obtained for luminous red galaxy samples (𝜎 ≈ 0.028) is
reduced by about half compared with that for blue galaxies (𝜎 ≈ 0.05)[97]. For
galaxies with redshift 𝑧 > 0.4, redshifting moves key spectral features and the
radiation peak of galaxies into the near-infrared band, making sufficiently deep
near-infrared imaging particularly important[98]. By combining optical and
infrared-band data, the accuracy of photometric redshifts for galaxy samples
can be significantly improved. To ensure that photometric-redshift accuracy
meets the requirements of cosmological measurements, a certain optical depth
must be reached (𝑟 ≈ 24 mag)[96]. The main factors affecting photometric-
redshift estimation are briefly listed below.

4.1 Data-level Uncertainty
The most direct factors affecting the accuracy of photometric-redshift estima-
tion arise from the input data themselves. Such uncertainties mainly include
the errors, coverage, and quantity of the input data, as well as the reliability
of the labels. Machine-learning models rely to a large extent on high-quality
input data for training. If the input photometric data themselves contain large
measurement errors, or if the wavelength coverage is insufficient, the model will
have difficulty capturing accurate galaxy properties. Similarly, an insufficient
number of training samples or low accuracy in their redshift labels will directly
limit the model’s learning capacity and generalization performance, leading to
increased uncertainty in the final redshift estimates.

4.1.1 Photometric Errors

The accuracy of photometric redshifts depends strongly on the quality of the in-
put photometric data, among which photometric errors are a key factor. When
simulating photometric catalogs, photometric errors are usually assumed to fol-
low a Gaussian distribution; however, real photometric-error distributions show
significant non-Gaussian characteristics. The causes of this “heavy-tailed dis-
tribution”are multifaceted. In addition to idealized thermal noise and readout
noise, they also include a series of systematic effects, such as imperfectly sub-
tracted sky-background fluctuations, cosmic-ray hits, bad or saturated detec-
tor pixels, and photometric contamination caused by the overlap of objects in
crowded sky regions (blending). This non-Gaussianity is especially pronounced
for faint sources whose signal-to-noise ratios are close to the detection limit.
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When about 10% of the sources in a sample lie in the tails, their impact on
the predicted scatter increases by more than 2𝜎, even exceeding the effect of
halving the signal-to-noise ratio[99]. This means that tail errors in magnitudes
and colors need to be minimized as much as possible, especially in the noise-
sensitive 𝑈 band, because this band not only has relatively low instrumental and
atmospheric throughput, but is also critical for identifying the Balmer break in
low-redshift galaxies or the Lyman break in intermediate-redshift galaxies. In-
accurate 𝑈 -band photometry can very easily lead to a large fraction of outliers.

In machine-learning applications, the conventional approach for handling such
non-Gaussian errors is to use the photometric errors provided in the catalog as
part of the input features, and to train the model by feeding them together with
information such as fluxes and colors[76]. The internal logic of this method is
that the model is expected to learn the complex patterns of the noise automat-
ically. However, for models such as standard feed-forward networks or random
forests, they may treat the errors merely as another independent numerical fea-
ture, making it difficult for them to truly understand their physical meaning
as “confidence”or “probability-distribution width.”This is especially the case
in high-dimensional feature spaces, where the information carried by the error
features may be diluted. To make deeper use of error information, an effective
method is error-based, weighted data augmentation. This scheme does not di-
rectly use the error features; instead, it treats them as standard deviations and
draws perturbations from a Gaussian distribution to generate an “augmented”
simulated catalog. The model can then be trained on this reasonably perturbed
“infinite”dataset, thereby learning robustness at different signal-to-noise ratios.
In tests on CSST simulated catalogs, compared with a model that directly in-
puts error features, this method successfully reduced the redshift outlier rate
from 2.3% to 2.0%[21]. In essence, this method allows the model to learn the
various forms that the data may take within a given error range, thereby forcing
it to learn the more fundamental physical relationship between magnitude and
redshift. More advanced probabilistic models, such as Bayesian neural networks
and mixture density networks, can naturally incorporate the uncertainty of the
input data within their mathematical frameworks[68]. In such models, one input
feature corresponds to a probability distribution rather than to a single value,
supporting the learning of one-to-many mappings. These models not only pre-
dict redshift values, but can also directly infer the probability distribution of
the prediction results from inputs with errors, thereby providing more complete
uncertainty

⋯uncertainty quantification, which is crucial for describing situations in which
multiple redshift solutions may exist because of color degeneracies. Although
machine-learning methods can automatically learn noise features, they require
an appropriate parameter space and a consistent data set. By effectively con-
trolling and modeling the error distribution during the model-training stage,
the model’s dependence on a complete and enormous spectroscopic training
sample can be significantly reduced[100]. In practice, obtaining spectroscopic
confirmations for all types of faint objects across the entire parameter space is
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unrealistic. Therefore, a model that can learn robustly from photometric data
with real noise will be key to maximizing the scientific output of these surveys.
Figure 2 shows the study by Blake and Bridle[96], giving the variation of the
confidence boundary for photometric redshifts with the error threshold over a
survey area of 10 000 deg2, and providing a reference for the design of deep
surveys.

In-figure labels: confidence (10 000 deg2); photometric-redshift error
𝜎 = 𝛿(𝑧)/(1 + 𝑧); 𝑟-band magnitude / mag; 2𝜎, 3𝜎, 4𝜎, 6𝜎.

Figure 2. Variation of photometric-redshift confidence with error and 𝑟-band
magnitude[96]

4.1.2 Number of Observed Bands and Bandpass Coverage

The accuracy and reliability of photometric redshifts are closely related to the
number of bands in the input photometric data and the wavelength coverage.
By sampling the SED of an astronomical object over a broader wavelength
range, its SED shape can be constrained more accurately, thereby breaking
the “degeneracy”between different redshifts and object types. A widely veri-
fied conclusion is that broader bandpass coverage usually yields better redshift
estimates; the physical principle behind this differs with object type. For nor-
mal galaxies, the key lies in precisely locating spectral-break features. One of
the most important features in galaxy spectra is the break at 4 000 Å, which
is formed by the dense superposition of absorption lines in stellar atmospheres.
In the rest frame, this break lies in the blue optical part of the spectrum; as
redshift increases, the feature gradually shifts toward the red end and even into
the near-infrared bands. The study by Fu et al.[101] shows that data in the
near-infrared bands (𝑌 , 𝐽 , 𝐻, 𝐾𝑠) make a positive contribution to the accuracy
of photometric-redshift prediction. They compared results using only four opti-
cal bands with those after adding near-infrared bands, and found that adding
near-infrared data enabled more accurate redshift prediction for high-redshift
galaxies and reduced the misclassification rate by 15%, significantly improving
the precision of constraints on the cosmological parameters 𝜎8 and Ω𝑀 . This
indicates that increasing bandpass coverage can effectively alleviate degenera-
cies in parameter space; especially at redshifts 𝑧 > 0.4, near-infrared data are
crucial for improving accuracy[98].

For objects with special SEDs, broad bandpass coverage is even more indispens-
able. Taking active galactic nuclei (active galactic nucleus, AGN) and quasars
as examples, their radiation does not originate from a single stellar population,
but is instead a complex continuum composed of multiple components, including
the accretion disk around the central supermassive black hole (radiating in the
ultraviolet and optical bands) and the surrounding dust torus (re-radiating in
the infrared bands). In eROSITA (extended ROentgen Survey with an Imaging
Telescope Array)

In sky surveys[^102], Brescia et al.[^39] studied the contribution of the pho-
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tometry corresponding to X-ray sources to the quality of photometric-redshift
measurements for AGN sources. The results showed that adding bands can im-
prove photometric-redshift estimation. For example, using only optical bands
leads to overestimated redshift values for low-redshift sources; adding the WISE
mid-infrared bands can reduce this effect, and further adding the IRAC bands
can improve statistical precision and reduce the outlier rate. At the observa-
tional depth of eROSITA, machine-learning models and SED-fitting methods
show similar performance in terms of the outlier fraction[^39].

It should be noted that more input-feature bands are not necessarily better.
Carrasco and Brunner[^59] found that, after using RF to remove several of the
least important input features, the prediction accuracy instead improved. This
is because unimportant band features may contain substantial noise or measure-
ment errors. For example, observations in some bands may be strongly affected
by instrumental limitations or environmental factors (such as atmospheric ab-
sorption), resulting in low signal-to-noise data. If a model attempts to learn
from such noise, errors may instead be introduced; especially when the amount
of data is limited, the model may overfit the noise rather than the true sig-
nal, affecting its generalization ability. On the other hand, in high-dimensional
space the sparsity of the data increases, and the model needs more samples in
order to learn effectively. After irrelevant features are removed, the data distri-
bution becomes more compact, and the model can more easily capture the true
relationship between redshift and effective bands in a low-dimensional space,
improving computational efficiency and accuracy. Moreover, as noted above,
strong correlations may exist between different bands; for example, photomet-
ric data in adjacent bands may be similar, causing unstable model-parameter
estimates. Removing redundant features can reduce collinearity, enhance model
robustness, and make weight allocation more reasonable.

Large-scale sky-survey projects themselves must preferentially select combina-
tions of photometric bands that minimize parameter degeneracies and extend
wavelength coverage in order to achieve their scientific goals. To strike a balance
between“quantity”and“coverage,”machine-learning methods themselves also
provide tools for evaluating band importance. Taking the out-of-bag (OOB)
sampling technique of RF models as an example, when constructing decision
trees, randomly drawn data samples that do not participate in training can
be used to verify the information contribution of photometric features, and to
identify and remove information-redundant or misleading features. It should
be noted that the degree of importance given by machine-learning methods is
determined by the model itself and the algorithm, and correlations among the
data may mislead the judgment, causing redundant information to appear in
the importance ranking. The Euclid team[^103] found that when the VIS–u
feature was duplicated, the feature importance assigned by RF changed. Lu et
al.[^21] used different feature-importance calculation methods and found that,
in the simulated CSST catalog, the importance of features changed before and
after adding error weights. Then, after applying a Spearman rank-correlation
test to classify the input data, they found that the z band and y band had a
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very strong correlation.

4.1.3 Reliability of spectroscopic-redshift labels Although many
photometric-redshift estimation methods are currently available, none has yet
achieved the precision of spectroscopic-redshift measurements (about 10−3).
For example, for photometric redshifts obtained from broadband photometry,
the error of the best precision is about 0.02, which still differs substantially
from the precision of spectroscopic redshifts[^104].

Photometric redshifts obtained through supervised learning depend to a large
extent on the completeness and quality of the spectroscopic catalog used as the
reference. Incompleteness of spectroscopic samples is usually more pronounced
in the faint part of the photometry, which may trigger selection effects and
thereby affect the entire parameter space. At the same time, residual errors
in spectroscopic redshifts also affect the reliability of the validation metrics
used in machine-learning model training, and thus directly affect the quality of
photometric redshifts. In general, the reliability of spectroscopic redshifts lies
between 95% and 99%, which means that 1%–5% of the training samples are
unreliable[^35]. At present, it is not possible to effectively distinguish the effects
of spectroscopic and photometric uncertainties in the sample. The catalogs ob-
tained by large sky-survey projects are enormous, and manual analysis based on
visual inspection is difficult to implement; therefore, automatic-search machine-
learning algorithms need to be explored to distinguish sources of uncertainty in
the data.

Razim et al.[^35] proposed a method for identifying unreliable spectroscopic-
redshift samples, using the Deep Imaging Multi-Object Spectrograph (DEIMOS)
catalog and the COSMOS2015 catalog to improve measur[[unclear: text contin-
ues off page]].

photometric-redshift estimation: by combining SOM with the MLPQNA neu-
ral network and introducing the spectral quality coefficient 𝐾spec, unreliable
spectroscopic-redshift samples in the COSMOS data can be effectively removed,
reducing the scatter of photometric-redshift prediction by about one half. In
addition to 𝐾spec, that study also used DEIMOS spectroscopic redshifts as a
validation set and employed the so-called galaxy occupation map concept, so
that the photometric-redshift sample and the validation-set sample occupied
the same regions in the SOM clustering grid. This ensured an accurate corre-
spondence between the photometric data and the spectroscopic data, and the
outlier rate was thereby significantly reduced from about 11% to about 2%. It
can thus be seen that unreliable spectroscopic redshifts introduce biases into
machine learning that are difficult to handle. Future large survey projects need
to take into account both the quantity and the quality of spectroscopic training
samples, and to develop automated validation techniques, so as to fully unleash
the potential of photometric redshifts in studies of galaxy cosmology.
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4.1.4 Influence of photometric images The two major challenges facing
photometric-redshift estimation are the decline in accuracy at high redshift and
the degeneracy between photometric colors and spectroscopic redshifts; that is,
sources at different redshifts may have similar color features, making it difficult
for supervised-learning methods that rely only on magnitudes and colors to dis-
tinguish them. Traditional photometric data, such as magnitudes and colors,
use only a small fraction of the image information. This is mainly because they
are affected by factors such as the point-spread function and aperture selec-
tion, and therefore cannot fully capture the morphological features of galaxies.
These morphological features are closely related to physical parameters such as
a galaxy’s star-formation history and stellar mass, and thus affect SED and
photometric-redshift estimation. In addition, image quality—including signal-to-
noise ratio, pixel resolution, and background noise—determines whether a model
can accurately extract effective morphological and color information from im-
ages. In images with low signal-to-noise ratio, the faint features of galaxies may
be submerged by noise, causing the model to be unable to effectively distinguish
different types of galaxies or to estimate their accurate redshifts. Therefore,
when machine-learning methods are used for photometric-redshift estimation,
in-depth analysis of the quality of photometric images and of galaxy morpholog-
ical features is likewise crucial. Here one should note the related but different
concept of the surface brightness fluctuations (SBF)[105] distance-measurement
method. SBF is a classical method that uses high-signal-to-noise images to mea-
sure the distances of nearby early-type galaxies (about 100 Mpc). Its principle
is that the farther away a galaxy is, the“smoother”its image appears on the de-
tector, and the smaller the fluctuations in the number of stars contained within
a unit pixel. The SBF method is applicable only to old early-type galaxies with
little gas and dust, such as elliptical galaxies, S0 galaxies, and the bulges of spiral
galaxies, because it relies on a smooth, stable red-giant-branch population. For
spiral-galaxy disks filled with young bright stars, star clusters, and dust lanes,
this method becomes unusable. Although SBF also uses image information, it
is an independent, high-precision distance-calibration technique and is part of
the cosmic distance ladder; its physical principles and application scenarios are
entirely different from the photometric-redshift estimation methods discussed in
this paper, which are applicable to large-scale, distant-galaxy samples. Photo-
metric redshift essentially estimates the shape of the SED, whereas SBF provides
a direct, physical distance estimate. In photometric-redshift applications, SBF
can serve as a strong-distance prior for calibrating and constraining photometric
redshifts. For more advanced models such as CNNs, SBF information can be
used indirectly: CNNs can automatically identify texture information in images,
and the model can learn to associate a “grainy”elliptical galaxy with a nearer
distance and a “smooth”elliptical galaxy with a farther distance. Moreover,
multi-branch neural networks can simultaneously process multi-band photomet-
ric data and high-resolution image cutouts, extracting multi-level features such
as color gradients, disk inclination angles, and special morphologies, thereby
avoiding biases from manual feature selection, and finally fusing the two types
of information to make the final redshift judgment. D’Isanto and Polsterer[100]
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combined CNN with MDN to simultaneously extract color and morphological
information from SDSS images, controlling the prediction bias of quasar photo-
metric redshifts to 0.004 and reducing the standard deviation to 0.069. Pasquet
et al.[106] used CNN to analyze images in the five SDSS bands; the prediction
bias was only ±0.02 within the 1𝜎 range, significantly lower than the ±0.05 of
the kNN method, and no systematic bias directly correlated with redshift was
found. Zhou et al.[69] used a hybrid transfer algorithm to incorporate CSST
simulated images into training; compared with using fluxes alone, the outlier
rate decreased from 1.43% to 0.9%.

Although deep learning has shown promise in mining image features, its appli-
cation to photometric redshift estimation still requires validation. Pasquet et
al.[106] found that CNN predictions exhibit a slight bias of ≤ 5% in redshift
intervals densely populated in the training sample, and further cross-validation
with photometric data is needed. Future large-scale survey projects are ex-
pected to use deep learning to extract information directly from pixel-level im-
ages, avoiding the limitations of traditional choices of photometric parameters
and providing a more comprehensive solution to the problems of high redshift
and degeneracy.

4.2 Uncertainties at the Level of Training Samples and
Methods
After the issue of data quality has been addressed, how to use these data for ef-
fective training introduces another layer of uncertainty. This is mainly reflected
in the representativeness of the samples and the way the data are processed.
The training samples must adequately represent the distribution of the entire
survey data set; otherwise, the model may perform poorly in redshift or type
intervals it has not encountered. In addition, data preprocessing methods—
such as feature engineering, normalization, or outlier treatment—also directly
affect model performance. Improper data processing may lose important phys-
ical information or introduce new biases, thereby exacerbating the uncertainty
in photometric redshift estimation.

4.2.1 Insufficient Training Sets and Outliers

In photometric redshift prediction, identifying and analyzing outliers in the
training set is extremely important, because these outliers may lead to errors in
distance estimation. Identifying outliers can not only provide effective guidance
for subsequent spectroscopic observations, optimize the training data set, and
supplement data in undersampled regions, but also statistically predict redshift
quality and evaluate the effectiveness of different combinations of photometric
features[107]. For example, both the supervised-learning RF model[59] and the
unsupervised-learning SOM[108] can optimize parameter space; the latter iden-
tifies anomalous regions without spectroscopic priors by constructing a Kohonen
map.
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This problem is particularly evident in redshift prediction for galaxies contain-
ing AGN, because the fraction of the total radiation contributed by the AGN
nuclear region is unknown and varies from source to source. Since X-ray se-
lection has low reliability at 𝑧 < 1, at present only Seyfert galaxies, when
narrow-/medium-band photometric data are available (e.g., in the COSMOS
survey), can achieve photometric redshift quality comparable to that of normal
galaxies[109]. Although hybrid methods (machine learning + SED fitting) have
made progress[79], it remains difficult to choose appropriate models when per-
forming SED fitting[110], and their photometric redshift estimation efficiency is
still inferior to that for normal galaxies. Similarly, supervised machine-learning
models are constrained by whether sufficiently large and complete spectroscopic
training samples are available, while most spectroscopic samples are usually ex-
tracted from catalogs of sources selected in optical bands. This inevitably leads
to an imbalanced distribution of AGN or other special objects in the sample.
The impact of this bias on future radio surveys such as the Square Kilometre
Array (SKA) can be found in the study by Norris et al.[111].

To address the challenges posed by the scarcity and bias of AGN spectroscopic
training samples, recent studies have begun to use a new generation of deep
imaging surveys, combined with more refined methods for extracting physical
features, to construct large-scale, high-quality training sets dedicated to AGN.
The idea behind this solution is that, rather than struggling to handle AGN out-
liers within samples dominated by normal galaxies, one should actively establish
a dedicated and representative training benchmark for this class of “outliers,”
namely AGN. In a recent study, Saxena et al.[112] used the tenth data release
of the Dark Energy Spectroscopic Instrument (DESI) imaging Legacy Survey
(LS10) to estimate the photometric redshifts of X-ray-detected AGN. This study
used 14,000 X-ray-detected AGN as the training sample. This selection method
fundamentally bypassed the bias of optical samples against AGN and alleviated
the previous problem of insufficient AGN spectroscopic sample size. To tackle
the difficulty that the radiation contributions from the AGN nucleus and the
host galaxy are unknown, the study did not use simple single-aperture mag-
nitudes, but instead employed a refined multi-aperture photometric technique.
This method aims to better distinguish and quantify the light from the bright
nucleus and the extended host galaxy by analyzing changes in object brightness
under different apertures, thereby providing machine-learning models with in-
put features of greater physical significance. Based on the above high-quality
training set and features, they employed a fully connec-

trained using the neural-network algorithm CIRCLEZ. When tested on an in-
dependent test set consisting of 2,913 AGNs, the model achieved a prediction
scatter of 0.067, with the outlier fraction controlled at 11.6%. This result is even
better than those of previous studies, demonstrating that by constructing a dedi-
cated, unbiased training set and supplementing it with refined physical-quantity
inputs, efficient redshift estimation can be fully achieved for special objects such
as AGNs. This work, together with the updated AGN photometric-redshift cat-
alog released for the eROSITA/eFEDS field[112,113], has provided an important
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approach to solving the long-standing problem of AGN redshift estimation.

4.2.2 Processing of Input Features

For complete samples with reliable redshifts and photometric data, different
ways of processing input features will affect the results. This type of processing
is generally called feature engineering: the process of transforming raw data into
features that better represent the essence of the problem, serving as a bridge
between the raw data and machine-learning algorithms.

Constructing new features from existing data is also a common way to improve
prediction accuracy. In photometric-redshift estimation, the most basic feature
engineering is the use of fluxes in different bands. Although fluxes themselves
are direct observables, the“colors”constructed from them—i.e., magnitude differ-
ences between two bands—are often more physically meaningful features. This
is because color directly reflects the slope of an object’s SED, and the shape of
the SED is closely related to key physical properties such as the object’s red-
shift, age, metallicity, and dust content. The contribution of different bands to
redshift prediction essentially depends on whether they can effectively capture
the key spectral features that shift with redshift. Below, the specific roles and
contributions of commonly used photometric bands are analyzed one by one
within this physical framework.

(1) Ultraviolet and blue bands (UV, about 200 nm; u, about 350 nm; g, about
480 nm). In the low-redshift Universe (𝑧 < 0.5), the main task of these
bands is to accurately locate the 4,000 Å break. Studies show that if a
survey lacks u-band data, the accuracy of redshift estimates for galaxies at
𝑧 < 0.5 deteriorates significantly, and may even fail to meet the precision
requirements of projects such as LSST for cosmological studies[114]. In
the high-redshift Universe (𝑧 > 2.5), the roles of the u and g bands shift
to target selection using the Lyman break. The Ly𝛼 line at a rest-frame
wavelength of 1,216 Å and the Lyman limit at 912 Å produce a sharp
spectral drop due to absorption by neutral hydrogen in the intergalac-
tic medium. Therefore, the absence of UV and blue bands can lead to
confusion between high-redshift objects and low-redshift, dust-reddened
galaxies.

(2) Middle optical bands (r, about 620 nm; i, about 750 nm; z, about 900 nm).
These three red optical bands are mainly used to study the intermediate-
redshift Universe (0.4 < 𝑧 < 1.6). Taking over from the u and g bands,
they continue to track the 4,000 Å break as it shifts continuously toward
longer wavelengths with increasing redshift.

(3) Near-infrared (NIR) bands (Y, about 1 𝜇m; J, about 1.25 𝜇m; H, about
1.65 𝜇m; K, about 2.2 𝜇m). When the key 4,000 Å break is redshifted
beyond 1 𝜇m, outside the detection range of traditional optical CCDs,
the NIR bands take over the task of detecting it. NIR bands are crucial
for breaking the age–dust–redshift degeneracy. Observations in the NIR
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can effectively distinguish these two cases: old galaxies exhibit a sharp
drop at the 4,000 Å break, whereas the SEDs of dust-obscured galaxies
are usually smooth, reddened continua. In addition, NIR bands mainly
detect radiation from old stellar populations such as red giants; therefore,
they correlate well with a galaxy’s total stellar mass and help determine
the nature of its stellar populations more accurately.

(4) Mid-infrared (MIR) bands (W1, about 3.4 𝜇m; W2, about 4.6 𝜇m). These
bands mainly detect not the direct radiation from stellar photospheres, but
thermal radiation re-emitted by dust after it absorbs starlight. For exam-
ple, the center of an AGN is surrounded by a dust torus, whose thermal
radiation forms a distinctive “red tail”in the MIR bands; this becomes a
decisive feature for distinguishing AGNs from normal galaxies. Without
MIR data, the redshifts of many AGNs can be severely misidentified[115].

In photometric-redshift estimation, early studies mostly adopted trial-and-error
methods or combined searches using machine learning[100], which were com-
putationally expensive and did not necessarily yield the optimal solution. In
recent years, random forests have been widely applied because of their ability
to evaluate feature importance effectively. For example, the 𝜙LAB (parameter
handling investigation laboratory, PhiLAB) method developed by Brescia et
al.[39] combines random forests with L1 regularization and introduces“shadow
features”to quantify feature contributions, thereby identifying key features in
multiband photometric data. They found that when only magnitudes were used
as input features, the 𝐾 band was the most important because it corresponds
to the bend in the galaxy SED; after color information was added, the total
importance of color features exceeded 60%[39]. When RF was used on a CSST
mock galaxy catalog to assess the importance of features, it was found that
although the importances of the 𝑖- and 𝑧-band fluxes were extremely low (0.006
and 0.009, respectively), the importance of the color 𝑖 − 𝑧 formed by the two
bands increased sharply (0.398), because it directly corresponds to the location
of the 4 000 Å break near 𝑧 ≈ 1[21]. Therefore, great caution is required when
removing apparently useless features during preprocessing.

In essence, colors do not provide additional information beyond what is already
contained in the fluxes. The fact that traditional machine-learning models need
colors as input parameters indicates that the model architectures cannot capture
the correlations among the input photometric data. Luo et al.[116] recently pro-
posed a new RNN model based on LSTM for estimating photometric redshifts.
This model avoids the input-feature selection problem faced by most traditional
machine-learning models: it only needs the fluxes in each band to be arranged
in wavelength order to form an input sequence, and can then automatically and
effectively learn their dependencies and capture the patterns and correlations in
the flux sequence. Owing to the inherent sequence-processing capability of the
LSTM model, it can effectively capture correlations among data points in the
sequence, thereby reducing the need for feature engineering. That is, the model
no longer needs manually combined input features to generate colors, nor does
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it require complex feature-selection engineering, thus avoiding human error or
subjective bias.

4.3 Uncertainty at the Level of Surveys and Redshift Inter-
vals
In addition to the data and training process, the characteristics of redshift inter-
vals and survey strategies also pose challenges to the performance of machine-
learning models. Within specific redshift intervals, even excellent models may
face intrinsic difficulties. The observing strategy adopted by different survey
projects determines the quality of the photometric data that can be obtained.

4.3.1 Effects in Different Redshift Intervals

The final accuracy and reliability of photometric redshifts are the result of the
combined action of multiple factors. In addition to the aforementioned error han-
dling, band selection, and feature engineering, machine-learning methods show
different predictive performance in different redshift intervals. The low-redshift
interval (𝑧 < 0.5) is the most mature and accurate regime for photometric-
redshift estimation. In this range, objects are usually brighter, and the 4 000
Å break lies in optical bands with favorable observing conditions, making the
redshift signal very clear. Benefiting from large-scale spectroscopic surveys such
as SDSS, the training samples in this interval are not only enormous in number,
but also highly complete and representative. Therefore, both template-fitting
methods and machine-learning methods can usually achieve very high accuracy.
The main challenges come from low-redshift galaxies whose spectral features are
not prominent and from stars in the Milky Way, as well as outliers caused by
a small amount of dust or AGN activity. For example, a hybrid-input CNN
model recently used on SDSS data achieved an extremely low root-mean-square
error of only 0.000 7 in the range 𝑧 < 0.3[117].

The intermediate-redshift range (0.5 < 𝑧 ≲ 1.5) is crucial for cosmological
studies such as weak gravitational lensing and baryon acoustic oscillations. Al-
though the predictive performance of various photometric-redshift methods re-
mains good, it begins to decline relative to the low-redshift regime, and the
scatter and outlier rate begin to increase[118]. In this redshift interval, the 4
000 Å break gradually shifts into the red-end optical bands (𝑖, 𝑧) and even into
the near-infrared 𝑌 band; at this point, redshift precision depends strongly on
the photometric quality in these red-end bands. The problem of degeneracy
in color space begins to stand out: galaxies of different types or at different
redshifts may exhibit similar colors, leading to model misclassification and an
increased outlier rate. In this redshift range, the completeness of spectroscopic
surveys gradually declines; they usually tend to observe brighter galaxies or
specific types of luminous red galaxies, which

means that the training set is less representative of the complete galaxy popu-
lation observed by photometric surveys[119].
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The high-redshift regime (𝑧 > 1.5) is a key window for studying the early Uni-
verse and galaxy formation, and it is also where the performance of most stan-
dard, purely data-driven machine-learning models declines sharply, with sub-
stantially increased scatter and outlier rates. Because the spectroscopic sam-
ples available in this redshift range are sparse and are strongly biased toward
the brightest and rarest objects, such as quasars, these objects cannot represent
the typical galaxy population. This forces machine-learning models to extrapo-
late far beyond the range of their training data, and poor extrapolation ability
is precisely a well-known weakness of machine-learning methods. For example,
the ANNZ+ algorithm already struggles to maintain its accuracy above redshift
𝑧 ≈ 1.3[46]; at this point, the main objective shifts to identifying high-redshift
candidates rather than precisely estimating their redshift values[56]. In addi-
tion, high-redshift objects have very low intrinsic luminosities, resulting in low
signal-to-noise ratios in photometric measurements. This noise further blurs the
already degenerate color information and increases the uncertainty, especially in
the special redshift interval known as the“redshift desert”(1.4 < 𝑧 < 2.5), where
the Lyman break has not yet entered the optical bands, while the 4 000 Å break
has completely shifted into the near-infrared. For surveys lacking ultraviolet (𝑢)
and near-infrared (𝐽, 𝐻, 𝐾) coverage, galaxies have almost no strong spectral
features in the optical bands, leading to extremely large uncertainties in red-
shift estimation and making this a region with a high incidence of catastrophic
outliers.

The decline in machine-learning predictive performance in the high-redshift
regime is not a sign that a particular algorithm is “bad,”but rather a fun-
damental and expected behavior of supervised-learning models when they are
forced to extrapolate into a data domain—high-redshift, faint, and different types
of galaxies—that is fundamentally different from the training data: low-redshift,
bright, and specific types of galaxies. High-redshift galaxies are not merely
farther away; their intrinsic properties may differ, for example in having dif-
ferent star-formation histories and metallicities, and their observed properties
are affected by absorption from the intergalactic medium, an effect for which
there are no analogous samples at low redshift. Therefore, requiring a standard
machine-learning model trained on galaxy data at 𝑧 < 1.5 to predict the redshift
of a galaxy at 𝑧 ≈ 4 is an extrapolation into a physically completely different
domain. This also explains why methods that incorporate physical knowledge or
attempt to simulate these missing data—such as hybrid models like HAYATE[86]

—are crucial for tackling high-redshift prediction.

4.3.2 Impact of Photometric Survey Strategies

The quality of photometric redshifts is directly tied to the depth, area, and
wavelength coverage of the photometric database on which they rely. Differ-
ent survey projects serve different scientific goals, and the characteristics of
their databases also determine the range of application of their photometric red-
shifts. As a well-known shallow, ultra-wide-field optical survey, SDSS used five
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broadband filters (𝑢, 𝑔, 𝑟, 𝑖, 𝑧) to image more than 14 000 deg2 of the northern
sky. Although its depth is relatively shallow compared with modern surveys
(𝑟 ≈ 22.2 mag), its enormous spectroscopic observations provided spectroscopic
redshifts for millions of galaxies, forming the main training and validation sam-
ples on which the development of machine-learning photometric redshifts relied
for many years, and becoming the cornerstone of photometric-redshift studies
of the low-redshift Universe (𝑧 < 0.7)[120]. However, its relatively shallow pho-
tometric depth and only five optical bands make it almost unusable for precise
studies at higher redshifts. The subsequent Pan-STARRS1 survey (PS1) used
five filters (𝑔, 𝑟, 𝑖, 𝑧, 𝑦) to conduct observations deeper than SDSS (𝑟 ≈ 23.2 mag)
over the entire northern sky, about 30 000 deg2, providing larger samples and
deeper, more homogeneous multi-band data.

Another survey strategy adopts deep, multi-wavelength survey modes, such as
COSMOS and CANDELS. Surveys of this type cover extremely small areas
(0.22 ∼ 2 deg2), but within these sky regions they assemble ultra-deep, full-band
data from X-rays to radio, obtained from the Hubble and Spitzer space tele-
scopes as well as major ground-based observatories. These deep, panchromatic
data sets provide the most reliable photometric redshifts currently available for
faint galaxies, and almost all of the most advanced high-redshift photometric-
redshift algorithms have been validated on these data sets.

Modern deep, wide-area surveys are a compromise between the first two types,
such as DES, KiDS, and HSC-SSP. Such surveys aim to unify the large area
required for cosmological applications with high-precision photometric redshifts.
They often cover sky areas of several thousand square degrees, with depths

far exceeding SDSS, with wavelength coverage also extending to the near-
infrared 𝑌 band. These surveys are currently the main force in measuring the
properties of dark energy by means such as weak gravitational lensing. Their
photometric-redshift precision is required to reach an unprecedented level of
1%–2% within the “cosmological sample”(0.2 < 𝑧 < 1.3). Table 2 summarizes
a comparison of the main characteristics and photometric-redshift precision of
several major current photometric survey projects.

Table 2 Main characteristics and photometric-redshift precision of
selected photometric survey projects

Survey
project

Survey area /
deg2

Filter
system

5𝜎 limiting
magnitude /
mag

Typical
machine-
learning
photometric-
redshift
precision 𝜎

SDSS about 14 500 𝑢, 𝑔, 𝑟, 𝑖, 𝑧 𝑟 ≈ 22.2 about
0.02[121]
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Survey
project

Survey area /
deg2

Filter
system

5𝜎 limiting
magnitude /
mag

Typical
machine-
learning
photometric-
redshift
precision 𝜎

Pan-
STARRS1

about 30 000 𝑔, 𝑟, 𝑖, 𝑧, 𝑦 𝑟 ≈ 23.2 about
0.03[122]

COSMOS about 2 More than
30
bands(ultraviolet
to radio)

𝑖 ≈ 26+ about 0.007–
0.015[123]

CANDELS about 0.22 Near-
infrared +
optical

𝐻 ≈ 27 about 0.01–
0.02[124]

DES about 5 000 𝑔, 𝑟, 𝑖, 𝑧, 𝑌 𝑟 ≈ 24.4 about 0.03–
0.04[125]

KiDS about 1 350 𝑢, 𝑔, 𝑟, 𝑖 𝑟 ≈ 24.8 about 0.019–
0.022(bright
galaxies)[90]

HSC-SSP
(wide-field
survey)

about 1 400 𝑔, 𝑟, 𝑖, 𝑧, 𝑦 𝑟 ≈ 26.0 about 0.04–
0.05[126]

DESI
Legacy

about 14 000 𝑔, 𝑟, 𝑧, (+WISE)𝑟 ≈ 23.9 about 0.014–
0.026[73,127]

S-PLUS about 9 300 5 broad
bands + 7
narrow
bands

𝑟 ≈ 21
(broad
band)

about 0.019–
0.023[128]

LSST about 18 000 𝑢, 𝑔, 𝑟, 𝑖, 𝑧, 𝑦 𝑟 ≈ 27.5
(stacked)

required to
be less than
0.02

Euclid
(wide-field
survey)

about 14 000 1 broad
band (VIS)
+3 near-
infrared
bands
(𝑌 , 𝐽, 𝐻)
+ground-
based
𝑢, 𝑔, 𝑟, 𝑖, 𝑧

𝐼 ≈ 24.5 required to
be less than
0.05[129]

In addition to survey sky area, the precision of photometric redshifts is also
limited by the spectral resolution of the photometry. Broad-band systems—
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such as the 𝑢, 𝑔, 𝑟, 𝑖, 𝑧 bands of SDSS and the 𝑔, 𝑟, 𝑖, 𝑧, 𝑌 bands of DES—have
4–6 filters, high observing efficiency, and can collect large numbers of photons,
thereby enabling deep surveys over large sky areas. However, their sampling
of the SED is very coarse, which limits the precision to 𝜎𝑧/(1 + 𝑧) ≈ 0.03–
0.1. Narrow-band systems—such as the 12 filters of S-PLUS and the 40 filters
of PAUS—provide much higher spectral resolution (𝑅 ≈ 20–50). This enables
them to resolve features such as the 4 000 Å break and even detect strong
emission lines, as if each object were equipped with an extremely low-resolution
spectrograph. In this case, the precision can be significantly improved to 𝜎𝑧/(1+
𝑧) ≈ 0.003–0.02. The price is that, for a fixed exposure time, narrow-band filters
have much lower signal-to-noise ratios, thereby limiting survey depth[130,131].

Even when the spectral resolution is sufficiently high, galaxy blending also af-
fects photometric precision[132]. As surveys such as HSC and LSST reach un-
precedented depths, the projected surface density of galaxies on the sky increases
sharply, so that as many as 50% or even more objects physically overlap in two-
dimensional images. When galaxies overlap, standard photometric algorithms
have difficulty separating their light, leading to erroneous measurements of the
fluxes, colors, and shapes of individual components. The resulting photometry
may be a mixture of multiple objects at completely different redshifts, which
can lead to an entirely erroneous photometric-redshift estimate and significantly
increase the number of outliers. This has been recognized as a major source of
systematic error in LSST weak-lensing cosmology studies[133,134]. Image qual-
ity directly affects the blending problem, especially the atmospheric “seeing,”
which determines the size of the point-spread function (PSF). Better seeing
means that galaxies appear sharper and are less likely to overlap, making their
photometric results more reliable. Ground-based survey projects located at sites
with excellent seeing—such as HSC’s 0.6′′—have a significant advantage in mit-
igating blending compared with surveys at poorer sites. However,

Moreover, even the superior apparent magnitude depth of HSC cannot com-
pletely eliminate this problem; this highlights the advantage of the spatially
diffraction-limited imaging from HST/CANDELS in providing uncontaminated,
real samples.

These factors that affect photometric-redshift performance do not exist in isola-
tion; rather, they are coupled to one another and sometimes amplify each other’
s negative effects. This is especially true of observing depth, which creates a
contradiction in observing strategy. The main driver of modern surveys is the
pursuit of deeper observations to increase the number of galaxies and thereby
improve the statistical power of cosmological measurements. However, increas-
ing depth directly leads to two negative consequences: first, a larger fraction of
galaxy samples has a lower signal-to-noise ratio; second, the projected density of
galaxies increases, causing the fraction of image blending to rise sharply. Image
blending contaminates the photometric data, while a low signal-to-noise ratio
also means that the photometry itself is full of noise. Thus, the very act of
pursuing deeper observations to improve cosmological measurements simultane-
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ously reduces the basic data quality of newly added objects. These degraded
photometric data ultimately lead to poorer photometric redshifts and introduce
systematic errors, which may offset the statistical gains initially obtained by
increasing the number of galaxies. This feedback loop is a problem for current
surveys, but at the same time it is driving the development of new algorithms
that attempt to model photometry, blending, and photometric redshifts simul-
taneously.

At present, no single survey can provide all the data required for precision
cosmology, and different survey programs are used to cross-calibrate one another.
For example, deep fields (such as COSMOS) are used to calibrate photometric
redshifts for hundreds of millions of faint galaxies without spectroscopic redshifts
in wide-area surveys (such as DES). This method usually involves SOMs. First,
all available filters are used, and a multidimensional “color space”is defined
by combining the wide-area survey with deep near-infrared data. The SOM is
then used to map this high-dimensional color space onto a two-dimensional grid;
galaxies with similar colors are placed in the same “cell,”and deep multi-band
photometric data from fields such as COSMOS are used to fill this mapping.
Because these fields have highly reliable photometric or spectroscopic redshifts,
each cell is associated with a known redshift distribution. A galaxy in the wide-
area survey is then placed into the corresponding cell according to its observed
colors, and its redshift distribution is assumed to be that cell’s distribution
as determined from the COSMOS data. This process effectively “transfers”
high-quality redshift information from small-area deep fields to large-area wide
surveys, thereby calibrating the overall redshift distribution required for weak-
lensing tomographic imaging. However, this process is not perfect: photometry
differs systematically among surveys, and the deep fields themselves may not
be fully representative. These effects must be modeled, usually by injecting
simulated galaxies into real images to measure selection effects and photometric
biases accurately—for example, the Balrog code in DES[^135].

On the other hand, one cannot simply train a machine-learning model on the
data from one survey and then apply it to another. Even if the filters have similar
nominal definitions, subtle differences in filter transmission curves, photometric
calibration, and data-processing pipelines can produce systematic biases in the
measured colors. Machine-learning models learn these survey-specific systematic
errors and fail when applied to data with different systematics. This highlights
the need for extremely careful cross-calibration among different surveys and for
adopting consistent data-processing pipelines. To make photometric-redshift
calibration robust, one must either process all data using exactly the same
pipeline or accurately model the bias-transfer functions between different data
sets[^55].

5 Summary and Outlook
Astronomy lies at the frontier of data-intensive science. Forthcoming large pho-
tometric survey projects are expected to generate data at the PB or even EB
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scale, creating an urgent need for machine-learning methods to achieve effi-
cient data processing and analysis. At present, deep learning has demonstrated
the potential to predict photometric redshifts directly from pixel-level data in
calibrated images; this strategy can not only avoid traditional photometric pa-
rameter

selection biases, but can also mine implicit morphological information in im-
ages—such as surface brightness and color gradients—thereby providing a new
pathway for addressing the decline in prediction accuracy and parameter degen-
eracies at high redshift[^106].

The advantages of data-driven machine-learning methods are also reflected in
many other aspects. Unsupervised models can identify the optimal applica-
ble regions in multidimensional feature space, helping to assess the balance of
data distributions between photometric and spectroscopic spaces; by combining
Bayesian statistics with mixture models, joint prediction of redshift, galaxy stel-
lar mass, and SFR can be achieved[^26][^28]; and techniques such as SOM can
effectively detect outliers and unreliable spectroscopic samples in the training
data[^35].

By combining empirical models, SED template fitting, and Bayesian inference
in hybrid approaches, future development will focus on cross-method integra-
tion and standardized evaluation. The accuracy of redshift estimation will be
improved and extended to high-redshift regimes. Meanwhile, large-scale pho-
tometric surveys, through unified data and evaluation metrics, have promoted
fair comparisons among different methods; for example, in LSST, PIT and QQ
plots have been used to verify the effectiveness of deep-learning models in PDF
estimation[^32].

The deep integration of computational science and astronomy will be an impor-
tant strategy for coping with the massive astronomical data sets of the future.
Its goal is not only to improve the accuracy of photometric redshifts, but also
to provide reliable foundational tools for in-depth frontier scientific research,
including cosmological-parameter measurements and probes of the dark-matter
distribution[^91].
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Abstract: Consequently, most imaging-based galaxy and quasar surveys rely
heavily on photometric redshifts to provide redshift information for tens of mil-
lions to billions of celestial objects, enabling forefront research on the large-scale
structure of the universe and the nature of dark energy. Against this back-
ground, machine learning (ML) methods have emerged as mainstream tools for
obtaining high-precision photometric redshifts due to their efficiency and scala-
bility. In the present paper, a comprehensive review of recent advances in the
application of ML in photo-𝑧 estimation, including algorithmic classifications,
model optimization strategies, and typical application scenarios, together with
examples to show the technical characteristics and performance differences of
various ML architectures, are summarized.

Key words: photometric redshift; machine learning; data analysis

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv. Machine translation. Verify with the original.
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