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Denoising and iterative phase recovery
reveal low-occupancy populations in
protein crystals
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Advances in structural biology increasingly focus on uncovering protein dynamics and transient
macromolecular complexes. Such studies require modeling of low-occupancy species like time-
evolving intermediates and bound ligands. In protein crystallography, difference maps that compare
paired perturbed and reference datasets are a powerful way to identify and aid modeling of low-
occupancy species. Current methods to generate difference maps, however, rely on manually tuned
parameters and, when signals are weak due to low occupancy, can fail to extract clear, chemically
interpretable signals. We address these issues, first by showing that negentropy – a measure of how
different a signal looks from anticipated Gaussian noise – is an effective metric to assess difference
map quality and can therefore be used to automatically determine difference map calculation
parameters. Leveraging this, we apply total variation denoising, an image restoration technique that
requires a choice of regularization parameter, to crystallographic difference maps. We show that total
variation denoising improves map signal-to-noise and enables us to estimate the latent phase
contribution of low-occupancy states. We implement this technology in an open-source Python
package, METEOR. METEOR opens new possibilities, for time-resolved and ligand-screening
crystallography especially, allowing detection of low-occupancy states that could not previously be
resolved.

A growing number of cutting-edge macromolecular crystallography
methods aim to resolve weakly populated states rather than the primary
protein conformationpresent in a crystal.Mechanistic time-resolved studies
at XFELs1 and synchrotrons2, high-throughput fragment screens3, or the
study of functional protein conformational changes upon the external
perturbation of a crystal (using pH, temperature4, or an external field5) are
important examples. Because full conversion to a new state through a
transient stimulus, like optical excitation6 or substrate and ligand
diffusion7–10, is difficult to achieve, such techniques rely on theobservationof
small differences between crystallographic datasets. This complication can
limit their application: photoactivated systems with low quantum yields,
weakly-bound ligands, and bound smallmolecules used for hit-to-lead drug
discovery all produce signals with strengths comparable to the experimental
noise and will benefit from new analysis methods that aid interpretation.

Provided that perturbation-driven structural changes are not too large
(i.e., the data remain isomorphous11), the calculation of difference electron
density (DED) maps can be used to reveal changes in the electron density

between a new dataset, which we refer to here as the derivative dataset, and
an unperturbed native dataset. DED maps are used to identify regions of
structural change and to extrapolate Fourier coefficients to which new
coordinates can be refined12–14. Any derivative structure factor F’ is a
superposition of the initial native structure factor (F) and the one related to
the perturbed state of interest (Fpr), where by perturbed state we mean the
pure structure of interest, i.e., ligand-bound, time-activated, etc.:

F0 ¼ f × Fpr þ ð1� f Þ× F

here f is the occupancy of the perturbed state and we indicate complex
structure factors in bold. Combined with measurement noise, this partial
occupancy means that dataset-dependent changes can be small, making
DED map features difficult to interpret. Specific communities have
developed different approaches to tackle this issue. For example, the Phenix
suite15—commonly used in static structure comparisons such as ligand
binding or point mutations—provides a simple utility for creating an
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isomorphous difference map from two sets of amplitudes. Time-resolved
crystallographers use weights (w) that reduce the amplitudes of difference
structure factors (w x [F’obs - Fobs]) if they have large experimental error and
are deemed to be outliers12,16,17. The Xtrapol8 program12 makes a variety of
such weighting schemes available to users, together with occupancy
estimation strategies. One of the key weighting strategies implemented in
Xtrapol8 is k-weighting, which adjusts the amplitude of each difference
structure factor to reduce the influence of outliers. The weight applied to
each difference structure factor amplitude (ΔF) is calculated as:

w ¼ ½1þ ðσΔF2= < σΔF2 > Þ þ kðjΔFj2= < jΔFj2 > Þ��1

where σ_ΔF is the uncertainty associated with a specific ΔF, and k is a
tunable scaling factor that controls how strongly large |ΔF| values—espe-
cially those with underestimated uncertainties—are down-weighted.
Implementations using k = 1, k = 0, or intermediate values of k have all
been applied in the literature5,12,18. For crystallographic fragment screening,
the PanDDA suite19 has introduced an objective procedure to identify
density associated with partially-occupied ligands. PanDDA looks for
regions with statistically significant excess density as compared to reference,
ligand-free datasets.While both strategies can identify weak signals in DED
maps, experimental maps frequently remain dominated by noise (Fig. 1).
Moreover, while amplitude weighting schemes are powerful, they require
the selection of appropriate weighting parameters, and this is left to the
user’s discretion. One common example, as mentioned above, is adjusting
the outlier rejection term in k-weighting12. This manual intervention
requires extensive trial-and-error that is based on visual inspection of maps
and can introduce user bias.

Methods that further automate DEDmap estimation and increase the
interpretability of low-occupancy density in an unbiased way are therefore
desirable20–22; such toolswill reduce user bias, provide faster feedbackduring
time-resolved experiments or ligand screening campaigns, and allow
accurate analysis of low-occupancy species where existing methods fail.

For this reason, we aim to developmethods that improve the signal-to-
noise ratio in DED maps. To do so, we find it essential to establish an
objective, quantitative, simple measure of map quality to compare different
map generation strategies.Work in this direction is greatly aided by insights
from other fields as well as open-source software that enables the devel-
opment and distribution of new crystallographic analyses15,23,24.

We therefore first focus on identifying a suitable and reliable statistic
that reports the level of noise present in a difference density map. We
evaluate statistics that measure deviations between the distribution of map
voxel values and a Gaussian distribution as indicators of DEDmap quality,
ultimately favoring negentropy. Map negentropy (J(pρ)) provides a useful
metric for assessing howmuch structured, signal-like information is present
in a difference map: a higher negentropy suggests the presence of inter-
pretable features such as real electron density changes, rather than noise.
Formally, negentropy is the difference in differential entropy between the
distribution of DEDmap voxel values (pρ) and aGaussian distribution with
the same mean and variance (pgauss) (under the assumption that individual
voxels are identically and independently distributed)25,26:

JðpρÞ ¼ HðpgaussÞ �HðpρÞ

where the differential entropy H(pρ) is defined as:

HðpρÞ ¼ �
Z

pρðuÞlogpρðuÞdu

integrated over all voxels (u). Already routinely applied in independent
component analysis27–29 as a measure of non-Gaussianity, negentropy
quantifies how far a signal deviates from Gaussian randomness. We show
that maximizing negentropy is an effective approach for selecting para-
meters in models that aim to denoise DED maps.

We use this insight to propose a way to denoise DED maps through
total variation (TV) minimization. In crystallographic DED maps, we
expect a priori that the signals of interest should consist of local regions of
smoothly-varying signal where atoms have moved, appeared, or dis-
appeared. The rest of the map should be empty. When such signal is cor-
rupted by additive white Gaussian noise, the noise contribution dominates
at high spatial frequencies. TV minimization is an established technique in
image processing30 that aims to clarify the true signal by reducing these
fluctuations. The TV is simply defined as the sum of the changes from each
voxel to all neighboring voxels; minimizing this quantity suppresses small-
scale noise while preserving important structural features. Applied as a
density modification technique, TV denoising31 thus produces a map that
closely resembles the inputmap, butwithflattenednoise-dominated regions
and preserved peaks or edges. TV denoising differs from commonly used
low-pass filters, such as running averages or Gaussian filtering, by preser-
ving sharp features (such as edges or peaks) while selectively suppressing
small-scale fluctuations characteristic of noise. In contrast, low pass filters
suppress high-frequencynoise but blur sharp signal features32. TVdenoising
is therefore particularly well-suited to cases where enhancing sparse, loca-
lized signals is important, making it a promising approach for DED maps.

We apply TV denoising31 to DED maps and use negentropy max-
imization to select a regularization parameter that effectively trades off
between fidelity to the original map and a denoised result. For three distinct
case studies, we show that a single pass of TVdenoising boosts the signal-to-
noise ratio ofDEDmaps and improves interpretability.We also find that an
iterative application of TV denoising can be used to estimate phases for the
derivative F’ dataset, with corresponding further improvement in map
quality.

Finally, we demonstrate howTV-denoisedmaps can be used to obtain
extrapolated maps of the perturbed state and also refine multi-state coor-
dinates (combined reference and perturbed state) to an F’ dataset, revealing
protein backbone and sidechain rearrangements in a fragment-bound
COVID-19 main protease (MPro) structure33 that were not previously
discernible.

Wecompile this analysis as anopen sourcePythonpackage,METEOR:
MapEnhancementTools forEphemeralOccupancyRefinement.METEOR
includes code to generate difference maps, select weighting parameters
based onmapnegentropy, and apply an appropriateTVdenoisingprotocol.
Importantly, our observations on using map negentropy and TV denoising
to improve difference density signals are compatible and stackable with
existing methods. In particular, METEOR can complement existing occu-
pancy estimation and event detection tools—such as PanDDA or Xtra-
pol8—by improvingmap interpretability prior tomodeling.We expect this
stacking to be especially useful in low-occupancy cases where difference
map signal is weak.

Results
Negentropy reports on the interpretability of a difference map
We start by considering the voxel-value distribution for a differencemap. In
an ideal, error-free DED map where the atoms move large distances, we
expect the distribution to be bimodal in nature, with a positive and a
negative mode and otherwise zero-valued voxels (Fig. 1a). In the more
realistic case where positive and negative peaks from different motions
overlay and partially cancel out, the density distribution may no longer be
strictly bimodal but should remain non-Gaussian (Fig. 1b, c). Noise, by the
central limit theorem, can be expected to be an additive Gaussian con-
tribution to the difference map signal. Empirically, we indeed observe that
the distribution of voxel values for experimental maps is notably more
Gaussian than that of synthetic maps calculated with no errors, suggesting
that noise contributions dominate the former (Fig. 1d). We therefore pos-
tulate that looking for deviations from Gaussianity in the voxel-value dis-
tribution may enable maximization of DED features that are not noise.

Skewness, kurtosis, and negentropy are well-knownmeasures for non-
Gaussianity27,28,34. In addition to negentropy, defined in the previous section,
skewnessmeasures asymmetry in a distribution,while kurtosis describes the
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“tailedness” or sharpness of its peak. To investigate the suitability of these
statistics as indicators of difference map quality, we extend the examples
fromFig. 1a–c by addingGaussian noise to their calculated real-space signal
(see Fig. S1). We introduce increasing levels of noise and find that negen-
tropy decreases monotonically with the addition of noise and is the most
robust in its behaviorwhen compared to skewness andkurtosis (Fig. S1).On

thebasis of this test,weproceedwith theproposal thatnegentropycouldbe a
useful metric to evaluate the signal-to-noise ratio in DED maps.

We observe, first of all, that by maximizing the negentropy, we can
optimize parameters in the commonly used k-weighting12,17 amplitude
modification scheme (Fig. S2). We note, however, that, even after k-
weighting, the voxel value distribution for experimental difference maps

Fig. 1 | The voxel distribution of a differencemap reflects its signal-to-noise ratio.
a A 1D signal with positive and negative peaks at positions at X’ and X respectively,
can serve as a simple model for a difference map where an atommoves from X to X’.
The corresponding distribution for the difference map voxel values (Δρ) is non-
Gaussian, with amode at 0 and twomodes at ρmax(X) and ρmax(X’) (the histogram
is plotted with a log-scale on the y-axis). On the right column, the normal probability
plot compares the observed map voxel value distribution to what would be expected
if the data followed a perfect Gaussian (normal) distribution: the observed data
(sample quantiles) are ordered and plotted against the expected values of the ordered
statistics for a sample from a standard normal distribution (mean 0, variance 1) of
the same size as the data (theoretical quantiles). If the observed values closely follow
the red diagonal line, this indicates that the data are approximately Gaussian.
Deviations from this straight line indicate deviations from a Gaussian distribution.
b A more realistic case is that of a carbon atom translating from X to X’ in three-
dimensional space. Here, we show the case where the positive and negative electron

density signals from the displacement of the atom overlay and partially cancel. The
resulting difference map voxel value distribution (Δρ) is no longer strictly bimodal
but remains non-Gaussian. c Deviation from a Gaussian distribution for the his-
togram of voxel values is also noticeable for the calculated differencemap of a known
light-induced protein structural change: we display a noise-free synthetic difference
electron density (DED)map for the 100 ps trans-to-cis photoisomerization of theCl-
rsEGFP2 protein chromophore (PDB ID 8A6G). Tomatch experimental data31, the
map is calculated by converting 13% of the reference dark trans population to cis. As
the dark state already contains 14%of the cis species, the final state (in orange here) is
at 27% cis occupancy. We show the calculated difference map at a contour level that
is comparable to the experimental map shown below in (d). In contrast to the
calculated map, the experimental map35 is dominated by Gaussian noise, even after
error-based amplitude k-weighting. This is apparent from the histogram and
probability plot of the map voxel value distribution shown on the right.
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often remains markedly Gaussian (see below) and hypothesize that further
denoising could yield important improvements.

Total variationdenoising facilitates interpretationofweaksignals
in difference maps
One such casewhere even the amplitude k-weightedDEDmap is extremely
noisy is the 100 ps trans-to-cis photoisomerization of the Cl-rsEGFP2
protein chromophore reported in Fadini et al.35 (PDB ID 8A6G) and shown
in Fig. 1d. This dataset captures a spatially localized, light-induced change
where the cis photoproduct coordinates are well-known from ground state
synchrotron structures36 and is therefore an excellent example for methods
development.We use it here to evaluate how TV denoising can assist in the
interpretation of noisy maps.

Our hypothesis is that TV denoising should remove unwanted high-
frequency noise, while preserving the signal features of difference density
that vary more smoothly. A necessary step in TV denoising is to choose the
degree of denoising, dictated by a regularization parameter, λ; this controls
the trade-off between denoising strength and how closely the resultmatches
the original map (see Supplementary Note S1 for definition and formula-
tion). To gain intuition into the effect of different choices of regularization
parameter, we compare the original k-weighted Cl-rsEGFP2 DED map to
twodenoisedmaps, wherewe set λmanually based on visual interpretability
of the resulting DED map (Fig. 2). TV denoising with a moderate level of
regularization (λ = 0.008) produces a map with stronger signals on the
protein chromophore and removes much of the noise from the original

map. An overly-aggressive denoising (λ = 0.02), leads to a less interpretable
map (Fig. 2b). To support this subjective assessment, we plot the power
spectra of theDEDmaps.Thepower spectrumof a differencemapdescribes
how the signal is distributed across spatial frequencies (resolution shells),
with higher frequencies corresponding to finer structural detail. By com-
paring power spectra before and after denoising, we can assess whether the
process has effectively suppressed high-frequency noise while preserving
meaningful signal. The power spectra show that the moderate value of λ
(0.008) restores signal and recovers the expected resolution-dependent
behavior of a noise-free synthetic map, while the higher λ (0.02) leads to a
power spectrum that deviates from the “ground truth” spectrum computed
from the synthetic example.

We conclude that TVdenoising is a promisingmethod for suppressing
noise in DED maps, but would benefit from a robust, objective, and auto-
mated choice of the regularization parameter. To test whether maximizing
the negentropy of DED maps as a function of λ could effectively serve this
purpose, we simulate a trans-to-cis difference map that includes additive
noise and trackmapnegentropywhile screening a rangeofλvalues (Fig. S3).
For a simple model we add random noise to the difference density in real
space. We observe that the value of λ that maximizes negentropy closely
matches the value that maximizes the real-space correlation coefficient
between the denoised map and the noise-free synthetic map (Fig. S3c). We
therefore propose that the regularization parameter λ can be chosen by
finding the value that generates the highest negentropy difference
map (Fig. 2c).

Fig. 2 | Total variation (TV) minimization can effectively denoise experimental
DED maps. a TV denoising is used in signal processing to remove spurious noise
fromdata. This is exemplified here by artificially addingwhite noise (sampled from a
normal distribution with a standard deviation ≈10% of the maximum pixel value in
the image) to the cameraman image and applying Chambolle’s total variation
minimization algorithm to retrieve the underlying signal32. A regularization para-
meter λ determines the degree of denoising: a value of λ that is too high will produce
an image that is overly “smoothed” compared to the original. On the right, the power
spectrum for each image illustrates the effect of the added noise at different spatial
frequencies and of subsequent TV denoising to recover signal. bTV denoising using

two different manually chosen values of λ is shown for the k-weighted Cl-rsEGFP2
trans-to-cis photoisomerization DED map, along with the original experimental
map (λ = 0.0). As for the 2D images in (a), power spectra show that, while the starting
experimental map contains little signal, an appropriately regularized denoising
yields map coefficients that approach those for the simulated map displayed in Fig.
1c. For visual comparison, the different map spectra are presented on a common
scale. cTo refine an appropriate value of λ, we denoise the experimental Cl-rsEGFP2
map for a range of regularization levels (0 ≤ λ ≤ 0.08) and identify the λ value that
maximizes map negentropy.
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While the TV denoising step modifies the Fourier amplitudes of the
map, it also alters the Fourier phases (Fig. S4). This is notable, as the phases
traditionally used in DEDmaps are approximate: the F’ phases, which have
a one-to-one correspondence to the perturbed state phases are unknown.
These phases are usually approximated by the native dataset phases coming
from a well-characterized reference model (ϕc)

11. This assumption, how-
ever, approximately halves the signal-to-noise ratio in the corresponding
map as compared to what would be obtained if the perturbed state phases
were known37, an undesirable effect, particularly when the perturbed signal
is weakened by partial occupancy. Our observations suggest that TV
denoising, which modifies the phases, may partially correct for this
approximation.

This insight points to the potential use of TV denoising for iterative
phase improvement, employing a cycle similar to that used for solvent
flattening in crystallography38 or phase retrieval in coherent diffractive
imaging39,40. Inspired by this prior work, we use the set of TV-denoised
difference structure factors to better estimate the phases for the derivative
dataset,F’, throughan iterative algorithmthatwename iterative-TV (it-TV)
(see “Methods” and Fig. 3). We again first validate the it-TV approach on a
synthetic noisy map, where the noise-free, ground truth map is known
(Supplementary Note S2 and Fig. S3). In Fig. 3, we show the experimental
Cl-rsEGFP2 map before and after it-TV, together with the absolute mean
phase change and negentropy values for the difference maps generated at
each iteration. Map negentropy reaches a stable positive value, having
started below 10−4 for the original experimental map, and the final it-TV
map contains notably higher signal-to-noise difference signal on the protein
chromophore. This first result indicates that application of TV denoising as
a density modification approach could find improved phase estimates for
low occupancy states in DED maps.

Test cases demonstrate the power of negentropy-guided TV
denoising to recover time-resolved and ligand-binding signals
To benchmark the single-pass and iterative TV denoising techniques, we
select three distinct science cases:

• The 100 ps time-resolved crystallography Cl-rsEGFP2 dataset from
Fadini et al.35 (PDB ID 8A6G).

• The example of Mpro bound to tegafur (fragment SW7-401, PDB ID:
7AWR), identified as a potential binder to an allosteric site with a
modeled occupancy of 0.5033.

• The example of Mpro bound to a small electrophilic fragment (U1G,
PDB ID: 5RGO) with a modeled occupancy of 0.4241.

For Cl-rsEGFP2 and theMpro-tegafur complex, we compute difference
maps using the sets of observed amplitudes for the available derivative and
native datasets (F’obs - Fobs). For the M

pro-U1G complex, we illustrate the
case where the difference map is computed between the observed ampli-
tudes and the ones calculated from themodel (Fobs - Fcalc), when a reference
native dataset is not available. Both Mpro structures score very poorly for
ligand goodness of fit to experimental data in their respective PDB
depositions42, suggesting that the ligand density could benefit from further
improvement.

Thefirst two columns inFig. 4 show the effect ofTVdenoising onDED
maps for our three test cases: (a) Cl-rsEGFP2, (b) Mpro-tegafur complex, (c)
Mpro-U1G complex. Features like the outline of the chlorophenolate ring
from the Cl-rsEGFP2 cis chromophore are more easily identifiable within
the protein structure andmore chemically interpretable: at ±3.5 rms, a large
negative feature is visible on the imidazolinone ring after TV denoising, and
the positive density on the cis chlorophenolate ring extends to four carbons
and the hydroxyl group. Relevant signals on the chromophore appear sig-
nificantly stronger following TV denoising. For instance, the positive and
negativepeaks on the chlorine atomreach±11 rms in theTV-denoisedmap,
compared to ±5 rms in the original map. For the Mpro-U1G complex, the
denoising removes a large portion of uninterpretable density next to the
ligand. In each case, visual improvements in the denoised maps are sup-
ported by increased negentropy for the voxel value distributions. In the Cl-
rsEGFP2 case, the map negentropy increases from less than 10−4 to 0.059
(for comparison, the Cl-rsEGFP2 noise-free synthetic map shown in Fig. 1c
is associated with a negentropy value of 0.35). An analysis of the changes

Fig. 3 | An iterative TV minimization algorithm estimates the phases of the
structure factor contribution from low occupancy states. a The unknown per-
turbed state phases are estimated through an iterative procedure (it-TV, Fig. S6). The
initial difference map is computed from the observed derivative and native ampli-
tudes (F’obs and Fobs) and the phases from the reference state model (ϕc). A step of
difference density (Δρ) TV denoising is followed by an inverse Fourier transform
(FT) to reciprocal space. We then project the ΔFTV set onto the phase circle with
magnitude F’obs (see also Fig. S6) as a way of finding a new phase estimate for F’. The

new phases are used in the next iteration. Iterations are run until convergence (see
“Methods”). b The experimental Cl-rsEGFP2 map is shown before and after it-TV
(in purple and orange for negative and positive density, respectively, ±3.5 rms),
together with the absolute mean phase change and negentropy values for the dif-
ference maps generated at each iteration in (c). The absolute mean phase change at
each iteration is plotted in red. The negentropy as a function of iteration is plotted
in gray.
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introduced by the denoising step reveals that the largest modifications
involve high-resolution structure factor amplitudes and phases (Fig. S4).
Finally, supporting the statement that the denoising step removes noise
from the maps, the histograms and probability plots show that voxel value
distributions are less Gaussian after TV denoising (Fig. S5).

The it-TV maps for our three test cases can be found in the third
column in Fig. 4. These show clear differences that can be explicitly assigned
to molecular structure. They are all characterized by an increased negen-
tropy and less Gaussian voxel-value distributions compared to their
respective originals and single-pass TV maps (Fig. S7). Note, for example,
that the Cl-rsEGFP2 it-TV map in Fig. 4 shows a clear outline of the
chlorophenolate ring from the cis photoproduct, even though cis phases
calculated from an atomic model are never introduced. Similarly, in the
Mpro-tegafur complex map, an almost-complete outline of the fragment’s
fluorouracil ring can be seen at 3.5 rms without ever using the fragment
structure in the analysis. For the Mpro-U1G Fobs–Fcalc case, it-TV increases
the strength of positive signals on the side chain atoms and ligand. Once
more, the strongest modifications by the algorithm occur in higher reso-
lution shells (Fig. S4), effectively recovering the underlying high resolution
signal from the starting map.

Denoised difference maps can guide the refinement of new
coordinates
Because DED maps do not require a model of the perturbed state, they
provide unbiased and immediate information about the structural changes

that occur after a perturbation, such as ligand binding or light-induced
proteinmotion. This is invaluable to understand if the experiment has been
successful and propose models that explain the results. The ultimate aim of
most crystallographic experiments, however, is to interpret these changes
chemically i.e., in terms of the positions of atoms and bonds. This requires
an atomic model of the perturbed state, which can be refined using an
extrapolated map. The extrapolated map should ideally reveal the electron
density of theperturbed statewithout contributions fromthe reference state,
making it easier to identify perturbation-specific structural change12,18.

To produce an extrapolatedmap, an accurate estimate of the perturbed
state occupancy is essential: once an estimate for the occupancy is known,
the extrapolated map can be computed by performing an appropriate
addition in real space (between a reference map and a difference map, as
done by PanDDA) or in reciprocal space (between reference structure
factors and difference structure factors, as done by Xtrapol8). We use the
real-space approach here to illustrate howTVdenoised differencemaps can
improve interpretability.

During this extrapolation procedure, TV-denoisedmaps are useful for
identifying the region of the difference signal to focus on for initial occu-
pancy estimation (Fig. S8). They can also improve the extrapolated map
resolution: Fig. 5a displays the extrapolated map obtained by real-space
additionbetween the referenceMpro state (PDB ID7AR6)mapand theMpro-
tegafur it-TV map (see “Methods”). The map shows a clear shift of the
backbone and sidechains in the ligand-binding pocket and can be used to
refine new atomic coordinates for the ligand-bound state. This low-

Fig. 4 | Test cases demonstrate the power of negentropy-guided TV denoising to
recover time-resolved and ligand-binding signals.We show single-pass TV
denoising and iterative-TV maps with their associated negentropy values for our
three test datasets: the 100 ps photoisomerization of the OHD chromophore in the
Cl-rsEGFP2 protein (PDB ID 8A6G) (a), the example ofMpro bound to tegafur (PDB
ID 7AWR), which was identified as a potential binder to an allosteric site with a
modeled occupancy of 0.50 (b), and the example of theMpro-U1G complex (PDB ID
5RGO), with a modeled fragment occupancy of 0.42 (c). Reference state structures
are shown in gray, while structures that we refined to the perturbed dataset are
shown in black. Ligand outlines become stronger andmore chemically interpretable
for all three test cases. For the Mpro-tegafur complex, there are strong signals for
rearrangements of side chains and backbone atoms near the ligand binding pocket.

For the Mpro-U1G complex, the it-TV map suggests an alternative fragment pose.
The largest gains from the denoising step occur when the initial map is close to being
normally distributed (as for the signal on the OHD chromophore in Cl-rsEGFP2 or
in the Mpro-tegafur complex). We show maps at ±3.5 rms, which we find is an
appropriate rms cutoff to highlight signal for these examples. However, because TV-
denoised maps are intentionally non-Gaussian, the second moment (rms) alone
does not fully capture the distribution of voxel values. It’s therefore important to
keep in mind that common visualization thresholds, like ±3 rms, may not directly
relate when trying to compare denoised and standard maps. The improved inter-
pretability seen here is further supported by the quantitative distribution analysis
shown in Figs. S4 and S5.
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occupancy conformation was not observable in the original PanDDA event
map (Fig. S10a). We can refine a multi-state model of ligand bound and
unbound states directly to the ligand-bounddataset. Figure 5b compares the
model from this refinement with the deposited structure for the ligand-
bound state (PDB ID 7AWR)33. We note that refining a single model to the
ligand-bound dataset results in atomic positions that are effectively an
average between the two states in the multi-state model and are less
representative of the underlying system.

An additional use for it-TV maps in the process of modeling
perturbed-state coordinates is to suggest an initial ligand pose for refine-
ment. We use the it-TV denoised map for the Mpro-U1G complex to
manually remodel the ligand binding pose (Fig. 4) and improvemodel fit to
the data compared to both the deposited structure and a simple re-
refinement of the deposited coordinates (Fig. S11).

Discussion
Exciting applications of crystallography, such as time-resolved mechanistic
studies or high-throughput fragment screens, struggle with the challenge of
analyzing signal from low-occupancy species, which is at the same level as
the noise in the data. Therefore, methods to measure and suppress noise in
these datasets can unlock scientific opportunities.

To this end, we find negentropy to be an effective reporter of difference
map quality when seeking optimal amplitude weighting and denoising
parameters. Negentropy maximization alone, however, cannot be used for
map denoising without other restrictions to the procedure. Consider a
putativeDEDmapwithhalf of the voxels randomly set to+x andhalf to−x.
Such a map will have a high negentropy, but no information content.
Instead, negentropy, which reports how noise-like a signal is, should be
thought of as ameasure of the signal-to-noise ratio in amap. It can tell if the
map contains signal, but not if that signal is faithful to any crystallographic
or biological reality. Therefore, negentropy should only be used to evaluate
competing DED maps generated by methods that can maintain fidelity to

the original crystallographic data. As examples here, we show the need to
choose the k parameter in k-weighting or the λ parameter in TV denoising,
where negentropy maximization replaces manual selection, improving
automation and reducing user bias.

We hypothesized that by extending single-pass total variation
denoising (single-TV) into an iterative map denoising algorithm (it-TV), it
would be possible—at least in theory—to recover phase information and
recover a fraction of the signal-to-noise loss relative to traditional F’obs–Fobs
maps that rely on the native-phase approximation. Across all three test
cases, the it-TV output maps exhibit greater chemical interpretability and
higher negentropy than those produced by a single pass of TV denoising,
suggesting that iterative denoising adds significant value. Our current it-TV
implementation, based on the Gerchberg-Saxton iterative projection
algorithm43, achieves this improvement effectively; while in principle such
algorithms can become trapped in localminima, we have not observed clear
failure cases in our test data so far. Nonetheless, this could remain a con-
sideration formore challenging datasets andmotivates futurework onmore
robust or regularized update schemes, such as Feinup’s hybrid-input output
or its descendants39, to enhance it-TV robustness against noise-induced
errors. Like solventflattening andphase retrieval, the it-TVmethoddoesnot
involve an atomicmodel or user intervention and thus avoidsmodel-driven
phasebias.That said, it couldbepossible forphasemodification to introduce
spurious features that might be biologically interpreted. To counter this
possibility,we recommend comparing it-TVmapswithboth single-passTV
maps and unprocessed maps. When denoising is successful, these maps
should be consistent and not in contradiction.

The largest gains from our TV denoising tests occur for the Cl-
rsEGFP2 F’obs-Fobs map, which is expected to benefit the most from the
replacement of the single-phase approximation in it-TV and also represents
the lowest occupancy example. We therefore anticipate that our denoising
methods will be especially useful in pushing the boundary for interpreting
datasets from low-occupancy time-resolved studies or weakly bound

Fig. 5 | Denoised difference maps can guide the refinement of new coordinates
and uncover low-occupancy conformations. a Extrapolated map for the Mpro-
tegafur complex. This is obtained through addition of the it-TVmap shown in Fig. 4
to the 2mFo-DFc map from the reference state (PDB ID 7AR6, black). We highlight
the rearrangement of the backbone and Thr98/Tyr101/Phr103 sidechain atoms
close to the ligand binding pocket. We refine coordinates for the bound state to this
extrapolated map (light blue) and screen R-factor values to initiate the occupancy of

the ligand-bound state in a multi-state model, choosing an occupancy of 0.29 for
initial refinement. b Binding pocket coordinates from the deposited ligand bound
(PDB ID 7AWR) and unbound (PDB ID 7AR6) models and the multi-state model
generated here are shown. The table reports final refinement R-factors for the
deposited ligand bound and unbound models and the multi-state model when
compared to the ligand-bound dataset. For the refined multi-state model, the
reference chain is overlaid with the 7AR6 model.
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ligands. It is important to note thatMETEOR, as described throughout this
work, is designed to address Gaussian noise in DED maps and does not
inherently correct for systematic errors common in crystallographic data-
sets, such as scaling artifacts or anisotropy. To improve the reliability of
denoised maps, we recommend applying tools specifically developed to
correct for such systematic effects as part of standard preprocessing prior to
TV denoising. For example, AIMLESS44 adjusts the measured reflection
intensities to correct for systematic errors and variations—such as changes
in beam intensity, or detector sensitivity—so that all measurements are
placed on a common, consistent scale for accurate merging and
STARANISO45 applies direction-dependent scaling corrections and reso-
lution cutoffs to address anisotropic diffraction; SCALEIT offers local
scaling procedures that mitigate systematic variation in structure factor
amplitudes. These approaches are well-established in difference map
workflows and are complementary to the denoising strategies we
present here.

A further note of caution relates to the behavior of TV denoising in the
absence of signal. In such cases, TV minimization may still produce loca-
lized, structured features due to the well-known “staircasing” effect31,46. This
occurs because the method encourages piecewise-smooth output and may
interpret random fluctuations as edges when no real signal is present. To
help identify such false positives,METEOR issues awarning if the optimized
regularization parameter λ exceeds the empirical threshold of λ > 0.1, which
we have observed in signal-free cases and is a symptom of over-denoising.
We also recommendusers examine the denoised features: TVdenoisingwill
not reveal signals that were previously unobservable; rather, it improves
interpretability by suppressing background noise, allowing real but weak
features—i.e., previously visible only at low contour levels—to emergemore
clearly. Future developments in DEDmap denoising could focus on amore
holistic approach. For example, recent advances in deep learning, particu-
larly convolutional neural networks and diffusion-based architectures, have
shown strong performance in image restoration tasks47–49 and are beginning
to find applications in structural biology, including electron density map
enhancement50–52. These models can learn complex, data-driven priors and
may be capable of distinguishing subtle signal from structured noise or
artifacts even in low signal-to-noise regimes. However, current deep
learning approaches often require large, well-annotated training datasets,
which, for example, are not readily available when dealing with DEDmaps.
By contrast, our TV-based denoising framework is data-agnostic and easily
deployable, requiring no training phase. Thismakes it equally suited to both
fragment screeningdatasets and time-resolved experiments, including those
that capture rare or previously unobserved conformational changes. TV
denoising is fast, computationally inexpensive (on a single core, a typical TV
run will complete in around 1min, while it-TV will complete in
around 3min—Fig. S12), and can be run from most workstations with-
out the need to train an additional set of parameters. An additional point is
that there is scope for future DED map denoising to incorporate more
sophisticatedmodels for perturbed-state phases or for the errors introduced
by the experimental measurement and imperfect reference-state
coordinates53,54.

The field of macromolecular crystallography is moving towards novel
and technically ambitious data collection strategies: cutting-edge experi-
ments are now aimed at capturing transient reaction intermediates, lever-
aginghigh-throughput facilities for smallmolecule screens, and studying the
conformational variability that underlies protein dynamics. Analysis
methods need to match these advances with increased sensitivity, robust-
ness to noise, and improved automation. The negentropy metric and TV
denoising techniques reduce human bias and noise in the generation of
difference density maps, as well as enhance signal by proposing new phase
estimates for low-occupancy species.We show that our analysis particularly
improves data interpretation in cases that struggle with weaker signals. For
these reasons,webelieve such treatment of differencemaps couldunlock the
study of minorly-populated states that are currently discarded in fragment
screens or not attempted in time-resolved studies. The use of negentropy as

a way of systematically scoring difference maps should also be useful for
quick decision-making during online experiments and for processing large
crystallographic datasets from high-throughput beamlines. Beyond crys-
tallography, we anticipate that this general framework could prove useful in
related structural techniques such as cryo-EM, where weak, low-occupancy
signals in maps are also a limiting factor due to partial ligand binding or
conformational variability.

Methods
Total variation denoising
To conduct TV denoising on a difference map, we employ Chambolle’s
algorithm31 implemented in scikit-image55. TV denoising is performed in
real-space on differencemap arrays. Tofit the λparameter,mapnegentropy
is minimized using a golden section search56,57. For the skimage.restor-
ation.denoise_tv_chambolle function, the tolerance for the stop criterions is
set to 5 × 10−8 and the maximum number of iterations to 50.

We have observed that schemes which modify difference structure
factor amplitudes affect the total power of the related DED map. For
example, both k-weighting and subsequent TV denoising result in a
reduction in power compared to a simple Fo-Fo map. We show this is true
for the Cl-rsEGFP2 data used throughout our work in Fig. S13. It is
important to account for this change inoverall powerwhenusing amodified
set of difference structure factors (k-weighted, denoised, or both) for
occupancy extrapolation. To ensure that METEOR maps are on the same
scale as the original inputs,we rescaleweightedordenoisedmapsback to the
corresponding original difference map. To do this, we apply a strategy
analogous to gain normalization in signal processing, where a denoised
signal is rescaled tomatch the expected power of the original input in signal-
dominated frequency bands. For example, in audio signal processing, it is
common practice to normalize audio signal after denoising to adjust the
amplitude of the cleaned signal to a desired level (this ensures consistency in
loudness and prevents issues like clipping or distortion). In the case of
differencemaps, we reasoned that the signal-rich region of themap that will
be least affected by the TV filtering process is the low-resolution regime.We
therefore scale METEOR maps back to original input maps using low-
resolution reflections (Fig. S13). The default is to use reflections that are
lower than 1.5 Å from the stated resolution cutoff.We additionally include a
comparison between the application of TV denoising and two other com-
mon types of filtering procedures to DED maps in Fig. S14.

Iterative total variation denoising algorithm
Native (Fobs) and derivative (F’obs) state amplitudes are provided as input,
together with a reference model. A difference map is computed using the
phases calculated from the reference model and the difference structure
factor amplitudes (F’obs–Fobs). This starting difference map is denoised
using Chambolle’s TV algorithm with a λ value optimized via negentropy.
The resulting denoisedmap is inverse Fourier-transformed to obtain a set of
complex structure factor differences, ΔFTV. We then project these onto the
constraint circle defined by the derivative-state amplitudes (|F’obs|) to esti-
mate new phases ϕproj (Fig. S6). This projection aims to provide improved
phase estimates for the derivative dataset. Using these refined amplitudes
and projected phases, we compute a new difference map, apply TV
denoising again, and repeat this procedure until convergence—defined as
when the mean absolute phase change between iterations drops below 10−3

degrees. By default, METEOR then applies k-weighting and a final round of
TV denoising as post-processing.

Perturbed state extrapolation
To demonstrate how TV-denoised maps can be used in the process of
extrapolating perturbed-state density, we generate two different types of
extrapolatedmaps (Figs. 5 and S8–S10), described below. First, to estimate a
perturbed state occupancy, we re-implement the background subtraction
strategy used by PanDDA19. This procedure involves identifying a local
region of change causedby the perturbation andfinding anoccupancyvalue
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that can produce a map that maximally differs from its reference in such
localized region but is similar to the reference elsewhere.

Extrapolation for perturbed state structure factors (Fpr) or density (ρpr)
can be carried out in real or reciprocal space:

Reciprocal : Fpr ¼ Fobs þ α�1wΔF × eiϕc

Real : ρpr ¼ ρref þ α�1Δρ

where ΔF = F’obs–Fobs, w represents error-based amplitude weights, ϕc are
the calculated phases from the reference model, and α is related to the true
perturbed state occupancy (f) by f = 2α when the constant phase
approximation is used37. To estimate α (with final choice written α̂), the
strategy from PanDDA finds the value that maximizes the difference in
Pearson correlation coefficient (calculated from the reference state and the
extrapolated map) between the entire protein and a specific local region of
change. We showcase this for our photoisomerization example in Fig. S8a,
where the local region is set as a sphere of 5 Å centered around the
chromophore double bond. The entire protein is defined as a global region
after a solventmask is applied. For a range of values of 0 < α < 1, the Pearson
correlation coefficient between the respective Fpr/ρpr map and the map
obtained from the reference model is computed. The value that maximizes
the difference between these two correlation coefficients is chosen as α̂ and
the corresponding map is saved (Fig. S8b).

For the Mpro-tegafur complex, we use the higher-negentropy it-TV
map as Δρ for real-space extrapolation and show the extrapolated result in
Fig. 5.We also carry out a reciprocal space extrapolation,whichdoesnot use
new phases from either single-TV or it-TV but is guided by the denoised
maps in the choice of local region. The corresponding map is shown in
Fig. S10b. Figure S9 contains the analysis to estimate α̂ for these two
extrapolation types.

Multi-state model refinement
As outlined by Pearce et al.58, we combine the models through the use of
alternate conformers, we constrain the occupancy of the atoms within each
state to be fixed, and we set the sum of the occupancies between states to be
equal to 1.As a starting occupancy for the ligand-bound state, we choose the
value that minimizes R-free (Fig. 5b), and proceed to refine B-factors and
coordinates with phenix.refine59. For the R-factors reported in the table in
Fig. 5b, the anisotropic B-factors are removed from the originally deposited
models (PDB ID 7AR6/7AWR) and the B-factors are re-refined with
phenix.refine. This ensures a consistent procedure to compare the metrics
obtained with the multi-state model refinement.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
Map files from TV denoising examples shown are available at: https://
zenodo.org/records/1580090560.

Code availability
Negentropy-driven k-weighting, single pass TV denoising, and the it-TV
algorithm are implemented as executables in the METEOR package,
requiring initial MTZ files and a reference model as input. METEOR is
written in Python and depends on the GEMMI22, reciprocalspaceship24,
numpy61, scikit-learn62, and pandas63 packages. The code is available at:
https://github.com/rs-station/meteor, https://doi.org/10.5281/zenodo.
1710308664.
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