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Abstract

Imaging systems have traditionally been designed to mimic the human eye and
produce visually interpretable measurements. Modern imaging systems, however,
process raw measurements computationally before or instead of human viewing.
As a result, the information content of raw measurements matters more than their
visual interpretability. Despite the importance of measurement information content,
current approaches for evaluating imaging system performance do not quantify it:
they instead either use alternative metrics that assess specific aspects of measure-
ment quality or assess measurements indirectly with performance on secondary
tasks. We developed the theoretical foundations and a practical method to directly
quantify mutual information between noisy measurements and unknown objects.
By fitting probabilistic models to measurements and their noise characteristics,
our method estimates information by upper bounding its true value. By applying
gradient-based optimization to these estimates, we also developed a technique for
designing imaging systems called Information-Driven Encoder Analysis Learn-
ing (IDEAL). Our information estimates accurately captured system performance
differences across four imaging domains (color photography, radio astronomy,
lensless imaging, and microscopy). Systems designed with IDEAL matched the
performance of those designed with end-to-end optimization, the prevailing ap-
proach that jointly optimizes hardware and image processing algorithms. These
results establish mutual information as a universal performance metric for imag-
ing systems that enables both computationally efficient design optimization and
evaluation in real-world conditions.
A video summary of this work can be found at:
https://waller-lab.github.io/EncodingInformationWebsite/

1 Introduction

The increasing utilization of computational processing in imaging systems removes the constraint that
they must produce human-interpretable measurements. Traditional imaging system designs produce
measurements that contain the specific visual patterns recognizable to human observers [1]. However,
these patterns are unnecessary for modern algorithms like deep neural networks, which can utilize
information in measurements regardless of how it appears: they can either transform measurements
into forms that make sense to humans, as computational imaging systems do [2], or they can analyze
measurements directly and bypass humans altogether.

This shift fundamentally changes what limits performance: not how well systems encode information
into human-perceptible patterns, but how much information they encode, regardless of its visual
appearance.
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Existing metrics to quantify hardware performance fail to capture information content comprehen-
sively. Traditional measurement metrics like resolution, signal-to-noise ratio, sampling rate, and
field-of-view characterize individual system aspects separately, making it difficult to assess their
combined effect on overall performance or compare systems that make different trade-offs among
these factors.

As a result, performance is often assessed by computationally decoding measurements to perform
secondary tasks. This decoder-based approach uses tasks like image reconstruction or object clas-
sification. It quantifies success by comparing algorithm outputs against ground truth using metrics
like mean squared error or classification accuracy [2–4]. This approach furthermore enables system
design in simulation through “end-to-end” methods that jointly optimize both encoder parameters
(like lens shapes or sensor configurations) and decoder algorithms (like image reconstruction). [5–11].

However, decoder-based evaluation and end-to-end optimization have a few limitations. First, decoder-
based evaluation metrics require full ground truth knowledge of the object or some of its properties,
which limits their application to simulations and laboratory settings that may not generalize to real-
world conditions. Second, this joint evaluation conflates encoder and decoder performance, since
low performance could result from either insufficient encoded information or the decoder’s failure
to utilize it. Finally, neural network-based decoders require substantial compute and may create
backpropagation challenges in end-to-end optimization [11, 12].

Directly quantifying information in measurements provides an alternative approach that avoids the
limitations of decoders. Mutual information quantifies how much object information survives the
encoding and measurement processes [13–37, 3]. Equivalently, it quantifies how much a measurement
reduces an observer’s uncertainty about the object.

Mutual information also unifies traditionally separate aspects of measurement quality, enabling mean-
ingful comparison between systems that make different trade-offs among these factors (Sec. S1.2).
For example, it captures the combined effect of resolution, signal-to-noise ratio, sampling, and
quantization on information preservation [17, 25, 38].

Despite these benefits, practical estimation of mutual information has been challenging. Previous
approaches fall into two categories, each with significant limitations.

The first approach overestimates information because it models an imaging system as an unconstrained
communication system [13, 15–18, 23, 28, 37]. While communication systems assume encoders can
transform any input into any output without physical constraints, imaging systems cannot achieve
this because lenses, sensors, and other hardware impose fundamental limitations. These theoretical
calculations can therefore produce highly inaccurate estimates (Fig. S6).

The second approach explicitly models the objects being imaged, relying on assumptions about object
properties that are difficult to verify in practice [30–35]. These object models must also be developed
case-by-case for each object type, limiting their generality.

To address these limitations, we developed a framework for estimating mutual information directly
from measurement of unknown objects. Our approach requires only two inputs: a dataset of
measurements and a model of the system’s noise. By fitting models to actual measurements rather
than assuming object properties or ignoring encoders’ physical constraints, the method readily adapts
to diverse imaging modalities and performance trade-offs. Our framework enables computationally
efficient optimization when designing systems through simulation, as well as quantitative evaluation
of real imaging systems operating in the field.

This paper is organized as follows: Section 2 presents the theoretical framework for estimating mutual
information from measurements. Section 3 describes implementation through three probabilistic
models and validates their accuracy. Section 4 demonstrates that information estimates predict system
performance across four imaging applications: color photography, radio astronomy, lensless imaging,
and microscopy. Section 5 introduces our method for automated imaging system design through
gradient-based optimization, Information-Driven Encoder Analysis Learning (IDEAL). Section 6
considers implications and future research directions.
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2 Mathematical framework

This section shows how to overcome the inherent statistical and computational challenges of mutual
information estimation by progressively decomposing the estimation problem using key properties of
imaging systems. First, deterministic encoding makes it possible to focus on the relationship between
clean images and noisy measurements rather than the more complex object-measurement relationship.
Second, the known statistical structure of noise in imaging systems enables decomposing the estima-
tion problem into two simpler subproblems. Finally, the constraint of only having measurement data
(on real imaging systems) informs the selection of estimation approaches for each subproblem.

To formalize this approach, we model imaging systems as a chain of probability distributions (Fig. 1).
Consider photographing trees: a probability distribution overobjectscaptures how trees vary in size,
shape, and species. Anencoder(a camera with particular lens and position) maps each possible
tree to a noiselessimageon the sensor. Detection noise corrupts these ideal images, creating the
measurementsthat sensors actually record [13, 22, 30, 39, 40] (Sec. S1).

Mutual information provides a metric for comparing encoder designs by quantifying how well
measurements can distinguish different objects. Information losses occur at two stages: during
encoding (e.g. from �nite resolution or sampling) and during measurement (from noise).

Figure 1:Information estimation for imaging systems.An encoder (e.g., an optical system) maps
unknown objects to noiseless imagesX . Noise corrupts these images to produce measurements
Y . The information estimator uses these measurements and a noise model to quantify how well
measurements distinguish noiseless images (and thus objects under deterministic encoding). The
estimateÎ (X ; Y ) enables both encoder evaluation and design optimization.

Mathematically, we model images and measurements as probability distributions over vectors. An
image withD pixels is a vectorx = ( x1; x2; : : : ; xD ), wherexk represents the energy at thekth
pixel. The probability distributionp(x) = p(x1; x2; : : : ; xD ) describes the likelihood of each possible
image. Similarly, a noisy measurement is a vectory = ( y1; y2; : : : ; yD ) with distributionp(y ).

Quantifying object information in measurements becomes tractable through the widely-used as-
sumption of deterministic imaging systems. The object-measurement mutual informationI (O; Y )
requires working with the joint distribution of objects and measurements, which is unknown in real
systems. However, deterministic encoders, which always produce the same noiseless image for each
object, enable estimation ofI (X ; Y ) instead. This deterministic encoder assumption applies broadly
in practice and holds by construction in simulated design.

Intuitively, this equality holds because all variations in noiseless images come from variations in
objects when encoders are deterministic. Thus, any image information that survives the measurement
process must have also come from the object. Mathematically:

Deterministic Information Transfer Theorem. For a Markov chainO ! X ! Y , if X = f (O)
for some deterministic functionf , thenI (O; Y ) = I (X ; Y ).

(See supplement for proof (Sec. S1.1)).

Even the more accessibleI (X ; Y ) estimation problem requires handling the high-dimensional
joint distributionp(x; y ). Estimating mutual information between high-dimensional variables from
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samples is notoriously challenging [41–50]. Without strong assumptions, estimation requires sample
sizes that grow exponentially with dimensionality, suffers from high bias and variance, and lacks
formal guarantees [51, 46].

Furthermore, the majority of existing estimation methods assume access to a dataset of paired
samplesf x ( i ) ; y ( i ) gN

1 . While these are available in simulated systems, real systems only provide
noisy measurementsf y ( i ) gN

1 without corresponding noiseless images.

Fortunately, imaging systems have well-characterized noise processesp(y j x) from physical models
or calibration [40]. This knowledge, combined with the deterministic encoder property, enables
decomposingI (X ; Y ) into entropy terms that can be estimated from noisy measurements alone:

I (X ; Y ) = H (Y ) � H (Y jX ) (1)

H (Y ) quanti�es total variation in measurements from both objects and noise.H (Y jX ) quanti�es
variation from noise alone. Their differenceI (X ; Y ) isolates noiseless image-induced variation in
measurements, which equals the object information preserved when encoders are deterministic.

These entropy terms can be expressed as expectations:

H (Y ) = E [� logp(Y )] (2)
H (Y jX ) = E [� logp(Y j X )] (3)

The H (Y jX ) term further simpli�es under the assumption of independent noise across pixels,
reducing the conditional entropyH (Y jX ) from a high-dimensional integral to a sum of single-pixel
entropies:H (Y jX ) =

P D
i =1 H (Y i jX i ) (Sec. S2.3.1). Imaging systems commonly satisfy this

assumption [40].

TheH (Y ) term requires learning from data. The true distributionp(y ) is unknown but its entropy
H (Y ) can nonetheless be upper bounded by �tting a parametric modelp� (y ) to a training set of
N measurementsf y ( i ) gN

1 and computing the cross-entropy on a held-out test set ofM additional
measurements:

H (Y ) � E [� logp� (Y )] � �
1

M

MX

i =1

logp� (y ( i ) ) (4)

This upper-bounding approach reliably estimates entropy in complex real-world distributions without
knowing the true probability [52].

Furthermore, cross-entropy provides a principled way to compare models. Since cross-entropy
between true and estimated distributions always exceeds true entropy, models achieving lower
cross-entropy values produce more accurate estimates.

Subtracting our estimate ofH (Y jX ) from this upper bound onH (Y ) yields our estimate of the
mutual informationÎ (X ; Y ).

3 Probabilistic models for information estimation

Practical implementation of our framework requires choosing probabilistic models to �t both mea-
surements and noise processes. For measurements, users face a fundamental trade-off: expressive
models capture complex distributions accurately but demand substantial data and compute, while
simpler models train faster using fewer resources but may overestimate information. To address this
trade-off, we developed and tested three models spanning the expressivity-ef�ciency spectrum: a
stationary Gaussian process, a full Gaussian process, and an autoregressive PixelCNN model [53–55].
For noise modeling, users must select an appropriate model and (on real systems) �t its parameters
using only noisy measurements.
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This section details the three measurement models and validates their performance through experi-
ments that establish practical guidance for model selection in different scenarios.

Measurement model assumptions.Our models differ in two key assumptions: whether measure-
ments follow a multivariate Gaussian distribution and whether pixel statistics are translation-invariant
(stationary). Violated assumptions yield worse �ts that overestimate information. For example, Gaus-
sian models cannot capture many types of statistical structure that are present in real measurement
distributions, such as the bimodal statistics of measurements of MNIST handwritten digits (Fig. S15).
Meanwhile, stationary models fail with position-dependent artifacts like sensor defects or illumination
gradients.

We processed images as patches rather than full images for computational ef�ciency. Larger patches
capture more spatial relationships (Fig. S12) but require more computation; smaller patches provide
more training samples and permit smaller models.

Model types.We tested three models with different expressivity-ef�ciency trade-offs.

Table 1:Comparison of probabilistic models for information estimation. Training times measured
on 20� 20 patches using an NVIDIA RTX A6000 GPU. Stationary Gaussian training time range
re�ects optional optimization for numerical stability.

Model Data Ef�ciency Training Time Expressivity Gaussian Stationary

Stationary Gaussian Highest � 0.1–10s Lowest X X
Gaussian (full cov.) Medium � 0.1s Medium X
PixelCNN Lowest � 100s Highest

Estimator consistency.We validated convergence behavior on both simulated data with known
ground truth and real imaging data. On simulated data from a stationary Gaussian process with
additive noise, all three models converged to the analytically-calculated mutual information, with the
stationary Gaussian converging fastest since the test data matched its assumptions (Fig. S16a). On
real imaging data, all models converged to stable, though different, values. PixelCNN consistently
achieved the lowest entropy bounds, indicating the most accurate estimates, while Gaussian models
plateaued at higher values due to their inability to capture non-Gaussian statistics (Fig. S16b,c). Based
on these convergence results, we used� 1,000–10,000 patches of� 20� 20pixels for subsequent
experiments, balancing computational ef�ciency with estimation accuracy.

Model selection.Based on our validation results, we recommend selecting models according to
available resources and data characteristics. The stationary Gaussian provides reliable estimates with
limited data, PixelCNN maximizes accuracy when computational resources and data are abundant,
and the standard Gaussian balances ease of computation with reliable performance. While PixelCNN
generally provides the most accurate estimates, the performance difference may be smaller for
data with approximately Gaussian statistics, making simpler Gaussian models reasonable when
computational resources are limited. Fitting multiple models and selecting the lowest entropy
estimate yields the most reliable results when feasible.

Noise model validation. Noise processes in imaging systems proved far simpler to model than
measurement distributions, makingH (Y jX ) estimation straightforward. While this required iden-
tifying the correct noise model and �tting its parameters, the structure of imaging noise allows
the framework to remain robust to somewhat inaccurate noise modeling. Object-independent noise
(thermal, dark current) affects all measurements equally, so any model error simply shifts all estimates
by the same constant, preserving encoder rankings. Object-dependent noise (shot noise) arises from
well-understood quantum processes with established mathematical models, facilitating accurate
characterization.

We tested one key challenge speci�c to shot noise and con�rmed our framework handles it success-
fully: shot noise parameters depend on the noiseless image that real systems cannot observe. We
validated that accurate entropy estimation remained possible using only noisy measurements. Our
estimators succeeded across a wide range of photon counts, deviating from the true value only below
� 20 photons per pixel (Fig. S18).
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4 Validation across imaging applications

Theoretical results establish that mutual information limits achievable decoder performance [56–59],
but estimatesof information inevitably contain error. If information estimates accurately capture
what limits real decoder performance, they should correlate with decoder-based evaluation across
diverse imaging systems. We tested this relationship by comparing information estimates against
decoder performance across four imaging systems spanning different modalities, noise regimes, and
tasks, with decoders ranging from classical signal processing to modern neural networks.

Across all four systems, information estimates predicted decoder performance, validating their use for
additional settings where decoders face computational challenges or cannot be used because ground
truth data is unavailable.

Color photography. Digital cameras encode color on monochrome sensors using color �lter arrays
in front of their pixels. These arrays �lter incoming light so that each pixel (traditionally) detects only
red, green, or blue light, and demosaicing algorithms decode the raw measurements to reconstruct
full-color images at the full sensor resolution. Beyond the traditional Bayer pattern (a 2� 2 grid
with two green, one red, and one blue pixel) (Fig. 2a, bottom), recent end-to-end learned designs
incorporate white (i.e. no color �lter) pixels together with neural-network-based decoders [60, 61] to
improve reconstruction quality.

Our information estimates predicted reconstruction quality across three color �lter designs, enabling
the evaluation of designs without reconstruction algorithms or ground truth data (Fig. 2a). We
tested the traditional Bayer pattern, a random arrangement of red, green, blue, and white �lters, and
a learned arrangement of these �lters [61]. Using natural images [62, 63] with simulated photon
shot noise, we estimated information content for each design and reconstructed full-color images
using neural network demosaicing [61]. Higher mutual information consistently predicted better
reconstruction across all quality metrics—mean squared error (MSE), peak signal-to-noise ratio
(PSNR), and structural similarity index measure (SSIM) (Fig. S20).

Black hole imaging. Radio telescope arrays can achieve the angular resolution of an Earth-sized
telescope by combining data from global sites, enabling images like the Event Horizon Telescope's
M87 black hole image [64]. Selecting optimal telescope locations for next-generation arrays remains
computationally challenging: each site's value depends on all others, and reconstructing images
for every possible con�guration is computationally intractable [65]. Thus, current approaches use
simpli�ed metrics that can miss important imaging features [65].

Our information estimates predicted reconstruction quality across telescope array con�gurations,
enabling telescope site selection without computationally expensive image reconstruction (Fig. 2b).
Using four-telescope subsets from the original Event Horizon array, we simulated measurements
with additive Gaussian noise and compared information estimates to the error in black hole images
generated by an iterative inverse problem optimization. Higher information estimates consistently
produced more accurate reconstructions (Fig. S20).

Lensless imaging. Lensless imagers replace traditional lenses with light-modulating masks, offering
simple hardware, wide �eld-of-view, and the ability to encode depth and time information in single
measurements [66]. Their encoded measurements bear no visual resemblance to scenes and vary
dramatically between designs, requiring computational reconstruction for both image recovery and
performance evaluation.

Our information estimates predicted reconstruction quality across three optical designs, enabling
evaluation of unconventional optics without image reconstruction (Fig. 2c). We tested a traditional
lens, random microlens array [67], and Gaussian diffuser [68] using natural images with simulated
photon shot noise at various light levels. Higher information estimates consistently correlated with
better reconstruction accuracy across all designs and noise conditions (Fig. S20).

Coded illumination microscopy. LED array microscopy replaces standard illumination with
programmable light sources to �exibly generate different contrast modes at low cost by varying angle,
intensity, and coherence [69, 70]. Optimal illumination patterns depend heavily on imaging tasks,
making theoretical evaluation dif�cult and necessitating empirical comparison through task-speci�c
decoders [71, 72].
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Figure 2: Information estimates predict decoder performance across four imaging applica-
tions. Each row shows representative objects, three encoder designs, example measurements, and
the relationship between information estimates and a representative decoder performance metric
(seeFig. S20for all metrics).a) Color photography: Bayer, learned, and random �lter arrays with
neural network demosaicing [61]. b) Radio astronomy: Three telescope array con�gurations with
inverse problem reconstruction.c) Lensless imaging: Lens, microlens array, and diffuser with Wiener
deconvolution.d) LED array microscopy: Bright�eld, differential phase contrast, and single-LED
illumination with neural network protein expression prediction.

7


	Introduction
	Mathematical framework
	Probabilistic models for information estimation
	Validation across imaging applications
	Task-specific information

	Encoder design via information maximization with IDEAL
	Discussion
	Information encoding formalism
	Minimal probabilistic model of an imaging system
	Separation of encoding and noise
	Visualizing high-dimensional distributions in energy coordinates
	Mathematical formalism for encoders

	Probabilistic two-point resolution
	Encoder inefficiency in 1D
	Effects of signal-to-noise ratio, resolution, and sampling on information
	Full mathematical treatment of two-point resolution

	Expanded model

	Estimating information: Theory
	Background
	Mutual information estimator
	Estimating conditional entropy of measurement noise
	Conditionally independent noise at each pixel
	Conditional entropy with additive Gaussian noise
	Conditional entropy with shot noise

	Estimating entropy of noisy images
	Probabilistic models
	Full Gaussian process
	Stationary Gaussian process
	PixelCNN

	Sampling and likelihood evaluation
	Stochastic encoders
	Encoder uncertainty
	Estimating information with stochastic encoders

	Task-specific information

	Estimating information: Experiments
	Fitting stationary Gaussian processes
	Comparing stationary Gaussian process and PixelCNN estimates
	Failures of stationary Gaussian estimates on highly non-Gaussian data
	Model training times
	Conditional entropy estimates on noisy data
	Comparing analytic and upper bound entropy estimates

	Additional decoder experiments
	Experimental evidence of stochastic encoder effects
	Task-specific information in classification

	Comparison to other frameworks
	Estimation theory and the Cramér-Rao lower bound
	Background: The Cramér-Rao lower bound in imaging
	Cramér-Rao lower bound-based design and its limitations
	The challenges of generalizing estimation-theoretic design
	Connections between estimation and information theory

	Compressed Sensing: Assumptions and Limitations

	Methods
	Model training
	Confidence intervals
	Sample generation
	Generation of synthetic experimental noise
	Applications
	Color Filter Array
	Black hole imaging
	Lensless imaging
	LED array microscopy

	Information-Driven Encoder Analysis Learning (IDEAL)
	1D simulations


