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Figure 1. IBL renders of AllSky environment maps and AllSky environment maps generated from user-drawn labels.

Abstract
Accurate environment maps are a key component for ren-

dering photorealistic outdoor scenes with coherent illumi-
nation. They enable captivating visual arts, immersive vir-
tual reality, and a wide range of engineering and scientific
applications. Recent works have extended sky-models to be
more comprehensive and inclusive of cloud formations but,
as we demonstrate, existing methods fall short in faithfully
recreating natural skies. Though in recent years the visual
quality of DNN-generated High Dynamic Range Imagery
(HDRI) has greatly improved, the environment maps gen-
erated by DNN sky-models do not re-light scenes with the
same tones, shadows, and illumination as physically cap-
tured HDR imagery. In this work, we demonstrate progress
in HDR literature to be tangential to sky-modelling as cur-
rent works cannot support both photorealism and the 22 f-
stops required for the Full Dynamic Range (FDR) of out-
door illumination. We achieve this by proposing AllSky, a
flexible all-weather sky-model learned directly from phys-
ically captured HDRI which we leverage to study the in-
put modalities, tonemapping, conditioning, and evaluation
of sky-models. Per user-controlled positioning of the sun
and cloud formations, AllSky expands on current function-
ality by allowing for intuitive user control over environment
maps and achieves state-of-the-art sky-model performance.
Through our proposed evaluation, we demonstrate existing
DNN sky-models are not interchangeable with physically
captured HDRI or parametric sky-models, with current lim-
itations being prohibitive of scalability and accurate illumi-
nation in downstream applications.

1. Introduction
Illumination is central to human perception of physical
spaces and the visual quality of media and film [14, 42, 54].
Early works modelling skydomes combined data from var-
ied sources into pre-computed and parametric sky models

for engineering and scientific applications, with the first sky
models [36, 43] modelling only luminance. With the advent
of the digital age, a new paradigm of applications spurred
interest in sky models to enable a wide range of emerging
digital applications. Nishita et al. [38] proposed the first
colour sky model enabling the generation of extraterrestrial
views of the Earth for space flight simulators, and Image-
Based Lighting (IBL) techniques [10] were proposed to ren-
der synthetic objects into real and virtual scenes.

Though conventional Low Dynamic Range (LDR) im-
agery is suitable for some applications, High Dynamic
Range (HDR) [46] imagery is integral to sky-models and
the capture of outdoor scenes. HDR images capture a
greater range of illumination and, in the particular case of
outdoor lighting, can capture the estimated 22 f-stops of ex-
posure necessary for the highlights and shadows of an av-
erage real-world outdoor scene [27, 46, 53]. To distinguish
the proportionality of scene exposure captured by an HDRI,
we define the following:
1. Low Dynamic Range (LDR) Imagery: Display-

referenced images with compressed dynamic range
which can be clipped and displayed in 8-bit colour.

2. High Dynamic Range (HDR) Imagery: Scene-
referenced measures of illumination with uncompressed
dynamic range and precision greater than LDR 8-bit
colour for later display as LDR. This includes imagery
captured by conventional cameras in 12-bit RAW.

3. Extended Dynamic Range (EDR) Imagery: HDR im-
ages captured using techniques such as LDR-bracketing
for greater exposure range than a singular image from a
conventional camera.

4. Full Dynamic Range (FDR) Imagery / Physically-
Captured Imagery: HDR images that fully-capture the
dynamic range of a reference scene without saturation
of the exposure range.
This distinction between HDRIs is necessary given the



challenges in applying HDR literature to sky-modeling [12,
20, 34, 44, 57, 62]. In this work, we measure HDR as the
Exposure Value (EV) of HDRI given EV = log2(|I|max −
|I|min + 1), where |I| is grayscale intensity. We find that
HDR literature generally does not provide sufficient detail
to determine supported exposure ranges, focuses on expo-
sure ranges ≤ 6EV when real-world outdoor scenes are
≥ 13EV , omit daytime outdoor imagery in results and, if
included, demonstrates saturated clouds and solar features.
Such limitations are problematic, given exposure range is
key to the illumination provided by environment-maps and
current sky-models struggle to reproduce the photorealism
and illumination of real-world skies. As demonstrated by
Fig. 2, incrementally clipping the EV of an HDRI while
equalizing exposure to the FDR 15EV ground truth results
in visually indiscernible alterations to the environment-
maps (Fig. 2, top), but significant alteration to illumination
in IBL scenes through softer tones, shadows, and light trans-
mission (Fig. 2, bottom). Despite advances in HDR im-
age generation using deep neural networks (DNNs), current
sky-models struggle photorealistically reproduce the phys-
ical accuracy and illumination of real-world skies. These
limitations hinder their effectiveness in downstream appli-
cations such as IBL, where accurate lighting is crucial.

Figure 2. Each column illustrates the impact of an incremen-
tal clipping of exposure with exposure equalization to the 15EV
ground truth. Though the environment-maps are visually unal-
tered, renderings have altered tones, shadows and light transmis-
sion (sun transmission; black glass orb).

In this work, we propose AllSky, a conditional gen-
erative sky-model trained directly on physically captured
FDR imagery and enabling user-controlled positioning of
the sun and cloud formations. We leverage this model to
study the input modalities, tonemapping, conditioning, and
evaluation of sky-models and propose a novel framework
for evaluating DNN sky-models for coherence with real-
world luminance. We demonstrate AllSky achieves state-
of-the-art (SOTA) illumination with sustained visual qual-
ity, and identify shortfalls in DNN sky-modeling which im-
pede their scalability and interchangeability with physically
captured imagery and parametric counterparts. Our findings
improve performance in downstream applications, but show
recent improvements to DNN HDRI generation to be tan-

gential to sky-modeling. Significant work remains to make
sky-models scalable to higher resolutions while sustaining
the exposure range of the sun.

2. Background
Physically-captured FDR images offer unsurpassed qual-
ity and photorealism for IBL renderings, but physical cap-
ture is difficult, labour-intensive [30] and the resulting im-
agery is both inflexible and of fixed temporal- and geo-
locality. Though HDR and EDR images can be suitable,
partial-capture of skydome dynamic range generally satu-
rates the solar spectrum in favor of capturing lucid cloud
formations. Sky-models have progressed over the past
four decades to offer a wide range of accurate, versatile,
and portable models providing artists, engineers and sci-
entists a definitive cost-advantage to physical capture [7].
Early works included numerical and parametric models
[8, 13, 17, 23, 24, 33, 39, 41, 43, 45, 59] which generated
clear and overcast skies via a limited set of user-parameters
tied to physical properties but were unable to model atmo-
spheric formations.

With the advent of deep learning, the fitting of analytical
models to features and modalities can be automated with
parameterization to a finite set of latent or user-intuitive pa-
rameters. Notably, this concept has been proposed for light-
ing estimation [21, 22, 60, 61, 63], where LDR images can
be used to guide the generation of HDR environment-maps
for relighting virtual objects and scenes.

Recent deep learning approaches have been proposed to
augment parametric clear-skies with photorealistic clouds.
CloudNet [48] proposed a method for augmenting Hošek-
Wilkie [23] parametric skies per user-controlled cloud
placement. SkyGAN [35] proposed fitting the Prague Sky
Model (PSM) [59] model to real-world photographs, en-
abling the re-generation of PSM skies with cloud forma-
tions. This formulation was also demonstrated by LM-GAN
[56], fitting physical captures to the 11-parameter Lalonde-
Matthews (LM) outdoor lighting model [33] and producing
photorealistic (though lower-resolution) weathered skies.
Most recently, Text2Light [9] introduced textually con-
trolled generation of indoor and outdoor environment-maps
via diffusion, though its textual conditioning and diversity
are dubious.

The objective of physically-accurate sky-models is to
generate FDR environment-maps which emulate the illumi-
nation of clear (13EV+), cloudy and/or overcast daylight
skies of FDR environment-maps, but many challenges re-
main to achieve this objective. To mitigate problems mod-
eling illumination, many works propose post-generation
‘tricks’ to augment EDR to FDR solar illumination, includ-
ing compositing with a parametric model sun and further
aggregated inverse-tonemapping [9, 35, 48]. Modelling and
control over non-uniform atmospheric formations such as



clouds remain a challenge and works that augment clear-
skies with atmospheric formations are not proven to retain
a tractable relationship to the parameters of the underlying
clear sky-models. A common alternative is to include com-
plex cloud formations through volumetric cloud rendering
[3, 28] and cloud simulations [5] post sky-model genera-
tion. While this multi-step approach can be versatile and
photorealistic, it is labour and computationally expensive
[19].

As a result, the modeling of outdoor FDR imagery re-
mains a challenge without a clear solution [51]. Regardless
of the approach, the current limitations result in many situa-
tions where physical capture is unsurpassed and the prefer-
able method to provide both photorealism, weather varia-
tions and illumination [49, 58].

3. Methodology
We define our tonemapping operators, sky-model, and
losses in terms of design considerations for sky-modelling.

3.1. Tone-mapping Dynamic Range

Tone-mapping operators (Tm) compress HDRI to a vis-
ible, displayable, or latent colour-space more favourable
for DNN training given I ′ = Tm(I). We investigate a
range of operators, including: Power-Law (Tγ), logarithmic
(Tlogn ), µ-law (Tµ), and variations thereof as shown in Ap-
pendix N.2 and Fig. 3 (left). With the growing popularity of
mixed-tone-mappers (combinations of tone-mappers) such
as Hybrid Log-Gamma for display of 8K broadcasts [37],
we propose µ-lawLog2 (Tµ log2

) to better preserve texture-
rich cloud and skydome components (generally EV ⪅ 1)
and aggressively compress texture-poor high-exposure re-
gions which are generally saturated in LDR imagery.

µ-lawLog2: Tµ log2
(I) = log2

[
loge(1 + µI)

loge(1.0 + µ)
+ 1

]
(1)

Figure 3. Tone-Mapping operator (Tm) compression (left) and re-
spective non-linearity between error (δ=0.01) in LDR compressed
space and error (∆) in uncompressed HDR space (right).

Each operator is a bijection allowing for the recovery of
the original image via I = Tm

−1(I ′), but given ∆I = |I −
Tm

−1(Tm(I)−δ)| these operators introduce a non-linearity

between error (δ) in LDR compressed space and error (∆)
in uncompressed HDR space (right). Most pronounced with
the solar disk, a small error (δ) in LDR space results in a
large error (∆) in HDR space with a profound impact to
illumination in IBL rendering.

3.2. Model

As a baseline and backbone, we implement UNetFixUp
[15] as a configurable and proven U-Net architecture for
outdoor image editing. The model can be configured for
arbitrary discrete (Z+) or continuous (R) ci-channel in-
put and co-channel output. We propose organizing sky-
model metrics as shown in Fig. 4, allowing dynamic-range-
aware evaluation through losses and metrics in LDR com-
pressed space, cLDR compressed and clipped LDR-space,
and HDR inverse-tonemapped linear HDR-space. Though
losses can be placed in LDR-, cLDR- and/or HDR-space,
choosing saturation points (clipping) is ambiguous and de-
pendent on tonemapper selection, and HDR-space losses
are prone to exploding gradients.

Figure 4. AllSky baseline architecture, accepting arbitrary dis-
crete (Z+) or continuous (R) ci-channel input labels. The co-
channel output can be evaluated by losses and metrics in LDR
compressed space, cLDR compressed and clipped LDR-space,
and HDR inverse-tone-mapped linear space.

3.3. Losses

In experimentation, we observed that an L1-loss on a
dataset of clear-sky imagery guides the model toward a me-
dian clear-sky image with few visual artifacts, but IBL ren-
derings exhibited poor illumination. To explain this discrep-
ancy, we explored sky-model losses and the guidance they
provided given a dataset of FDR skydomes.

3.3.1 Supervised Losses

As shown in Fig. 5, the sun (red) is represented by a small
subset of pixels whose intensities belittle the remainder of
the skydome (blue/green). The four-pixels solar region with
intensity EV≥11 of the 5122 skydome represents 55% of
the environment-maps’ illumination. The remaining 45%
of illumination is provided by the remaining 99%+ of pix-
els with intensities EV≤8, representing an amalgamation
of refractive mediums (i.e. skydome, clouds, etc.). Conven-
tional global losses (e.g. an L1-loss) are insensitive to the



Figure 5. 3D surface of skydome illumination, coloured from low
to high intensity. Disk above 3D surface illustrates skydome seg-
mentation. The sun (red spike) is a small subset of pixels whose
intensities belittle the remainder of the skydome. HDRDB sample
from June 7th, 2016 at 1:54PM [26].

Figure 6. Distribution of exposure range and illumination by sun
elevation and cloud cover in HDRDB [26].

solar exposure range of due to the class-imbalance it entail.
Although greater sensitivity is a potential solution (e.g. L2

instead of L1) the potential loss-imbalances and/or gradi-
ent explosion must be mitigated. In this regard, we propose
implement class-segmented losses, as Eq. (2):

L(Ireal, Ifake,M) = L(Ireal ⊂M, Ifake ⊂M) (2)
This allows conventional metrics (e.g. L1) to be selectively
applied via a segmentation mask (M ) to target regions
which would otherwise be saturated by pixels from outside
their distributions (e.g. border, skydome).

3.3.2 Unsupervised Losses

From an extraterrestrial point-of-view (POV), the sun is
a 0.5◦ angular-diameter disk with near-constant illumina-
tion [50] but, from a terrestrial POV, its size and radiant
intensity are attenuated by a stochastic atmosphere. As
illustrated in Fig. 6, there is no intuitive relationship be-
tween solar-elevation, cloud cover, dynamic range and/or
illumination. Similarly, cloud formations consist of 27 cate-
gories [40] with variable textures and altitude-specific clas-
sification. In the absence of labelled datasets and cloud-
formation classification tools, current DNN sky-models un-

conditionally generate cloud formations and exhibit little
diversity in cloud formations. Unintentionally, where seg-
mentation morphology is deterministic of cloud formation,
some models achieve a greater diversity by overfitting to
input masks.

In the absence of input modalities to condition solar radi-
ant intensity and/or cloud textures, skies are nondetermin-
istic systems with intractable variability. As a result, su-
pervised losses (e.g. L1, LPIPS [64]) guide per an invalid
assumption of exactness in reconstruction. To mitigate,
we propose a conditional n-Layer discriminator inspired by
[4, 25] with adaptive gradient penalty [2, 16, 31], adaptive
weighting of the adversarial loss [47] and a modified hinge
loss. Given DNN sky-models are ignorant of their operation
within LDR-space and the non-linear relationship between
LDR- and HDR-space, unsupervised learning also mitigates
ill-adapted conditioning by visual losses created for alter-
nate LDR-spaces (e.g. LPIPS [64] adaptability to logarith-
mic LDR-space has not been previously studied).

4. Experimental Configuration
For the purpose of comparison, we train all AllSky, Cloud-
Net, SkyGAN and SkyNet against the Laval HDR Sky
database (HDRDB [26], Appendix L), which consists of
approximately 32k FDR HDRI. We evaluate Text2Light on
the FDR Laval Outdoor Dataset (LOD) [22] using the au-
thor’s textual CLIP prompts. Images herein are gamma
(γ = 2.2) tone-mapped and target the four primary sky-
dome configurations: clear, cloudy with unobstructed sun,
cloudy with obstructed sun, and overcast skies.

4.1. Image-Processing

We develop a pre-processing pipeline to re-size and aug-
ment HDRI, optimizing for retention of physically captured
characteristics. For evaluation, we quantify pixel intensity
as linear luminance per BT.709 [55] and further quantify
global-illumination as Integrated Illumination (

‚
I
):‹

I

(I) =
∑

Ω|I| (3)

Where Ω is the environment-map’s solid angles. As
HDRDB, LOD and other datasets previously used to train
DNN sky-models are not radiometrically calibrated, we as-
sume a linear camera response and do not report illumina-
tion in metric quantities.

4.1.1 Scaling environment-maps

We observe DNN sky-models are inherently scale-sensitive
due to the impact of interpolation on the exposure range of
physically captured HDRI and study this observation in Ap-
pendix J. As plotted in Fig. 7, interpolation methods avail-
able through PyTorch (tv.) and OpenCV (cv2.) impact



environment-map illumination and exposure range [1, 6].
1

Figure 7. Impact of resizing a 5122 physically captured HDRI on
exposure range and illumination. Mean of 100 augmentations of
an HDRI from June 7th, 2016 at 12:52PM [26].

Environment-map format conversions are avoided where
possible and, along with augmentation, are applied prior to
downsampling. Where otherwise unavoidable, linear spline
interpolation is applied and downsampling favours factors
of f(x) = 1/2x to enable inter-area interpolation (retain-
ing over 99% of illumination energy). To prevent discon-
tinuities, environment-maps are skyangular formatted (See
Appendix R.1 for more detail on seams).

4.1.2 Segmentation

Solar positioning is refined from ephemeris calculations
[52], labelling the extraterrestrial 0.5◦ sun as the solar disk.
To reflect terrestrial imagery, we extend the masked solar
region to a diameter of 5◦ to include the solar corona and
atmospheric attenuation of the extraterrestrial solar disc.

Segmentation of cloud formations was achieved by
thresholding RGB via the ratio Y = B−R

B+R proposed by Dev
et al. [11]. We find that applying this ratio to µ-lawLog2

(Tµ log2
) tone-mapped HDRI provides visually robust seg-

mentation, but note variability with illumination intensity
(e.g. sunrise/sunset) and seasonality [32]. Cloud masks are
morphologically processed to produce ‘crude’ masks which
can be further eroded by a parametric circular brush of ker-
nel size k to reduce complexity. We characterize erosion by
k=15 as emulating a ‘hand-drawn’ sketch.

1See Appendix J.1 for the impact to shadows, tones, and light transmis-
sion in renderings.

The final ‘discrete’ (Z+) label is a 1-channel composite
of solar, cloud, skydome (clear-sky), and border masks. We
take inspiration from CloudNet [48] and create augmented
‘continuous’ (R) labels, infilling the solar regions as co-
sine similarity to the sun, the skydome as solid angles (Ω),
and clouds as distance fields modulated by Perlin noise. A
colourized illustration of ‘discrete’ and ‘continuous’ labels
is provided in Fig. 8.

4.2. Baseline Models

In this work we compare CloudNet, SkyGAN, Text2Light,
and AllSky through training against HDRDB [26]. We re-
produce CloudNet and SkyGAN per the authors’ source
code with minimal modifications to the data-processing
pipeline. We evaluate Text2Light’s outdoor functionality
the author’s published model and the LOD dataset [22].

4.2.1 CloudNet

CloudNet was reproduced per the authors’ source code with
model and parameters unchanged [48]. We adapted the
data-processing pipeline to our segmentation of HDRDB,
reproducing the input histogram-equalized Hošek-Wilkie
[23] clear skies, cloud distance field maps, and inverted
tone-mapping (TI−1 ) per Eq. (4). Originally trained on a
small dataset of 629 HDRI for 7,500 epochs, we imple-
mented a framework to facilitate a 3,500 epoch training.

Inverted: TI−1 (I) = 1/ (1 + I + 0.01) (4)
We evaluated CloudNet both with and without the sun-

pass-through mechanism, thus repeating the model’s eval-
uation with the Hošek-Wilkie clear sky solar disk summed
into generated environment-maps. To evaluate the impact
of CloudNet’s input modalities, we train a modified base-
line per our discrete (Z+) input labels.

4.2.2 SkyGAN

SkyGAN was reproduced per the authors’ source code
with model and parameters unchanged [35]. We adapt the
data-processing pipeline to HDRDB, reproducing the input
PSM [59] clear skies, and natural logarithmic (Tloge

) tone-
mapping per Eq. (5) with α = 0.22, β = 2.5 and ϵ = 1−3).

Natural Logarithmic: Tloge
(I) = [log(I + ϵ) + β]∗α (5)

We completed a 3,500 epoch training of SkyGAN and
a variant which bypassed the clear sky encoder. In addi-
tion, we adapt StyleGAN3 [29] (SkyGAN’s backbone) to
HDRDB and ablate select tone-mapping operators through
1,000 epoch trainings.

4.2.3 Text2Light

Evaluation of Text2Light’s outdoor functionality was com-
pleted via unaltered implementation the author’s published



(a) Overlay (b) Z+ Crude (c) Z+ Hand-drawn (d) R Crude (e) R Handdrawn

Figure 8. Discrete (Z+, Figs. 8b and 8c) labels are 1-channel composites of solar, cloud, skydome (clear-sky), and border masks. Continu-
ous (R, Figs. 8d and 8e) labels augment the segmentation with distance-field modulation of perlin noise. Cloud segmentation is produced
via colour ratio [11] and eroded from ‘crude’ to ‘hand-drawn’.

model, checkpoints and textual CLIP prompts with no up-
scaling (β=1) [9]. Text2Light’s generation pipeline con-
sists of three stages: 1) LDR generation via diffusion,
2) LDR to HDR augmentation via MLP Inverse Tone-
Mapping Operator (iTMO), and 3) HDR to FDR parametric
boosting per Eq. (6) with constants ρ=4, ϑ=0.83, γ=1 and
β= 0.7.2

M =
[
Ib/max

(
Ib

)
− ϑ

]1
0

I ′b = Ib + (IbMρ)

I ′b = e(I
′
b−I′

b)γ−β

(6)

We evaluated each stage of Text2Light’s generation
pipeline, normalizing the resulting HDR image pairs for
exposure via |Ireal| = α|Ifake| and reformatting the
environment-maps to skyangular for visual metrics.

4.2.4 AllSky

In Appendix M, we leverage AllSky’s configurability to ab-
late the input modalities, tone-mapping operators, and the
losses of SkyNet, CloudNet, and SkyGAN. As a baseline,
we recreate the training of SkyNet [22] which implemented
a U-Net architecture guided only by a global L1-loss. We
create a variants emulating CloudNet (continuous labels (R)
and LPIPS loss), and SkyGAN (implementing our n-Layer
discriminator). All variants implemented class-selective
L1-losses for border and skydome regions.

Per the findings of our ablations in Appendix M, we
complete 400-epoch trainings of AllSky at 2562, and 5122

resolution and report their performance in Tab. 1. These
models are trained with Z+ discrete labels per guidance
from LPIPS, our n-Layer discriminator, and class-selective
L1-losses for border and skydome regions.

4.3. Metrics

An objective of this work is to demonstrate the inadequacy
of current DNN sky-model evaluations in regards to solar il-
lumination and characterize the trade-off between accurate

2Ib denotes a batch of images, Ib denotes the per-image-mean of Ib,
I′b is the mean of I′b and [X]ba clips the values of X such that a ≤ x ≤ b.

illumination and visual quality exhibited by current mod-
els. In this regard, we evaluate the sensitivity of commonly
reported metrics in Appendix K, finding that SSIM, Multi-
Scale SSIM, and HDR-VDP3 offer no meaningful sensitiv-
ity to exposure range, while other supervised losses such as
L1, L2, and EMD offer limited and diminishing sensitivity
with increasing resolution. We also note an assumption of
reconstruction exactness introduces significant noise from
penalizes valid natural stochasticity in style and position-
ing.

We evaluate the performance of DNN sky-models for
visual quality (LPIPS [64] and FID [18]), exposure range
(EV), and illumination (

‚
I
). Given the generalization that

atmospheric textures are low dynamic range, we assume vi-
sual quality metrics are insensitive to tone-mapping and,
for consistency, evaluate all visual metrics in Gamma (γ)
cLDR-space. We quantify exposure range and illumina-
tion as EV and

‚
I

for environment-maps in uncompressed
HDR space. To demonstrate the importance and sensitiv-
ity of these metrics, we report them alongside L1, L2, and
PSNR as many works evaluate using these metrics exclu-
sively [9, 22, 48]. For greater sensitivity, we implement
PSNR with base log2 (PSNRlog2

).

5. Experimental Results
In this work we adapt CloudNet, and SkyGAN to HDRDB
without modification to authors’ defined pre- and post-
processing pipelines. As a result, each baseline models ex-
hibit different ground truth exposure ranges (EV) and illu-
mination (

‚
I
) despite being tested against an identical sub-

set of samples.

5.1. CloudNet

CloudNet and CloudNet w/o Clear Sky differ little in Tab. 1,
suggesting clear sky and cloud distance field map in-
put modalities contribute negligibly to model performance.
Though the Hošek-Wilkie model provides intuitive control
over clear skies generation through parameters for turbidity
and ground albedo, CloudNet keeps these parameters con-
stant and after histogram equalization, retains no relation-
ship to these parameters. The aggregation of the clear-sky



Table 1. Comparative results for Text2Light [9], CloudNet [48], SkyGAN [35], and AllSky (ours). AllSky offers unsurpassed visual
quality (LPIPS, FID) for both crude (C) and hand-drawn (H) labels, and accurate FDR illumination (EV,

‚
I
) superseded only by SkyGAN.

The results further demonstrate that L1, L2 and PNSR offer little correlation to visual quality or illumination. Underlined values indicate
category best. Exposure matching is denoted by (*).

LDR Tγ-cLDR HDR
PSNRlog2

↑ LPIPS ↓ FID ↓ L1 ↓ L2 ↓ EV←
‚

I
←

Ground Truth 5122 - - - - - 12.85 3.54
Text2Light SRiTMO Boosted 46.5 0.51 - 0.27 816 8.4 0.16

Text2Light SRiTMO Boosted* 46.5 0.42 - 0.32 1380 12.92 3.73
Text2Light LDR+Boost* 47.3 0.42 - 0.25 827 7.96 3.69

Ground Truth 5122 - - - - - 12.7 1.05
CloudNet 99.4 0.17 35.2 0.07 414 6.3 0.53

CloudNet w/ Sun 99.4 0.17 35.1 0.17 1907 14.4 2.07
CloudNet w/o Clear Sky 92.1 0.18 41.5 0.08 418 6.7 0.64

CloudNet w/o Clear Sky w/Sun 92.1 0.18 41.5 0.18 1909 14.4 2.18
Ground Truth 2562 - - - - - 11.12 1.15

SkyGAN - - 55 - - 10.7 0.83
SkyGAN w/o Clear Sky - - 70 - - 11.3 1.01

StyleGAN Tµ log2
- - 49 - - 7.7 1.04

Ground Truth 2562 - - - - - 8.09 1.13
AllSky Z+ Tµ log2

C 104.3 0.13 14.9 0.07 965 7.24 0.85
AllSky Z+ Tµ log2

H 98.1 0.16 22.6 0.43 344704 9.58 4.49
Ground Truth 5122 - - - - - 9.11 1.14

AllSky Z+ Tµ log2
C 102.8 0.14 17.1 0.06 467 8.23 0.82

AllSky Z+ Tµ log2
H 93.3 0.18 24.8 0.11 9919 9.95 1.52

sun (see w/ Sun) significantly improves EV, but overshoots
illumination and introduces a solar disc that pierces through
cloud formations. This differs from natural terrestrial im-
agery where the solar disk is attenuated by the atmosphere
and diffused through cloud formations. Given the disparity
between generated and FDR ground truth illumination (EV,‚

), environment maps are characterizable as EDR.

5.2. SkyGAN

SkyGAN’s exposure range and illumination are shown to be
adversely impacted by its clear sky input modality, as its re-
moval improves both exposure range and illumination. Sky-
GAN exhibits EDR exposure range (75% of ground truth in
linear space) but offers poor visual quality and illumination
in comparison to StyleGAN3.

Visually in Appendix Q, SkyGAN and StyleGAN both
exhibit texture-less cloud ‘smears’. We believe this to be
the result of discriminator emphasis on solar features. In
this regard, StyleGAN3 baselines with less aggressive tone-
mapping operator (Tγ , Tlog2

) collapsed and we exclusively
report StyleGAN3 with Tµ log2

.

5.3. Text2Light

As shown by Text2Light SRiTMO Boosted* in Tab. 1,
Text2Light generates EDR environment-maps which can

be boosted and exposure matched to provide an exposure
range and illumination close to the FDR ground truth. As
demonstrated through Text2Light SRiTMO Boosted, expo-
sure matching to the ground truth is imperative to correct
under-exposure. We note that our exposure matching is de-
pendent on reference FDR imagery and not manually repro-
ducible through conventional exposure and/or offset sliders.

We ablate Text2Light’s iTMO by directly augmenting
generated LDR imagery to FDR via the parametric boost
Eq. (6). As shown by Text2Light LDR+Boost*, this sample-
specific manually tuned heuristic boosts LDR to EDR with
lower exposure range, but matches or improves visual qual-
ity. We find the results to be inconsistent and scene depen-
dent, producing incoherent results when imagery lacks tex-
ture below the horizon. Though inconsistency and manual
parameter tuning may be accommodatable in applications
such as IBL rendering, it is prohibitive of many downstream
scientific and engineering applications which require real-
world accuracy.

In Appendix R.2 we demonstrate user control via CLIP
prompts to be erratic and with little stochasticity. One run of
the authors’ textual prompts generated 80 image pairs con-
sisting of 17 unique images and the remaining reappearing
between 2 and 12 times within the generated set.



5.4. AllSky

Through our extended work in Appendix M, we ablate All-
Sky for discrete (Z+) and continuous (R) input modalities,
tone-mapping operators (Tm), and losses. Continuous (R)
labels quantitatively provide an advantage with adversarial
losses, but visual examination shows perlin noise propagat-
ing into the textures of cloud formations. As this is visually
unappealing, we find discrete (Z+) labels to be favourable.

We perform an ablation study to determine the tractabil-
ity provided by cloud masks by iteratively eroding the mor-
phology of cloud segmentation. Though illumination (EV,‚

I
) is sustained, visual performance (LPIPS, FID) is incre-

mentally lost as cloud masks are eroded from crude (C) to
hand-drawn (H). We repeat this study to determine perfor-
mance when used by a human-operator, providing models
with hand-drawn (H) cloud masks regardless of cloud-mask
morphology given during training. This resulted in lost vi-
sual performance (LPIPS, FID) proportional to the differ-
ence in erosion between training and hand-drawn (H) cloud
masks, demonstrating models trained for favourable visual
performance with crude (C) cloud masks do not sustain the
same performance when used by a human operator.

In Appendix O.1, we find tone-mapping directly impacts
the visual quality, exposure range and illumination of sky-
model, with our Tµ log2

tone-mapper improving visual qual-
ity and illumination but note aggressive tonemapping intro-
duces instability in exposure range due to the non-linearity
between error in LDR and HDR space. Though unideal,
aggressive tonemapping mitigates the ‘holes’ in place of the
solar disk produces by weaker tonemappers (TI−1, and Tγ).

Through our ablation of L1, LPIPS, and adversarial
losses, we find alleviating the comparative improves visual
quality and illumination, but adversarial losses dispropor-
tionately differentiating through solar features and impede
visual quality.

Combining these findings, we created AllSky as reported
in Tab. 1. We apply our discrete (Z+) labels, our Tµ log2

tone-mapping, our class-selective L1 for border and sky-
dome regions, LPIPS, and our n-Layer discriminator. As
shown, AllSky demonstrates visual quality (LPIPS, FID)
for both crude (C) and hand-drawn (H) labels and accu-
rate illumination (EV,

‚
I
). AllSky sustains visual quality

with FDR illumination accuracy is exceeded only by our
variant of SkyGAN and without manually-tuned boosting
as required by Text2Light.

6. Discussion
The work herein studies state-of-the-art (SOTA) sky-models
and presents ablations of current methodologies with the
intention of deepening our understanding of the shortfalls
of current DNN sky-models. Sky-modelling extends be-
yond the conventional paradigm of High Dynamic Range

literature through a requirement for greater exposure range
and we demonstrate in Tab. 1 that current methods exhibit
a trade-off between photorealism (visual quality) and real-
world Full Dynamic Range (FDR). We demonstrate this
to directly impact Image Based Lighting (IBL) where ren-
derings with saturated illumination produce skewed tones,
shadows, and light transmission.

Though our proposed model AllSky out-performs cur-
rent SOTA for all visual benchmarks, we note that higher-
resolutions will exacerbate solar class-imbalance and expo-
sure range, leading to lost visual quality and greater insta-
bility in exposure range and illumination. This can be ob-
served through AllSky in Tab. 1 as resolution is doubled
from 2562 to 5122.

We demonstrate that careful consideration should be
taken in evaluating the role and functionality of sky-model
input modalities. We demonstrate cloud masks can pro-
vide tractability to deterministically reconstruct cloud for-
mations and, if not manually replicatable by a user, result
in lost visual quality. We further demonstrate that augment-
ing inputs with clear-sky and/or other priori does not add
user-configurability or improve performance. Though tex-
tual prompts can facilitate human interaction in many appli-
cations, we show Text2Light’s implementation to be dubi-
ous and unsupporting of diversity.

Through our study of metrics, we find that commonly re-
ported metrics provide little insight into the exposure range
and illumination of generated environment-maps. Given the
stochasticity of clouds formations and variability of solar
intensity, we find that comparative metrics penalize natu-
ral variation which is unimpeding of photorealism and il-
lumination. As shown in Tab. 1, our proposed metrics for
exposure range (EV) and illumination (

‚
I
) offer sensitiv-

ity which correlate to better visual quality in downstream
applications such as IBL rendering.

7. Conclusions
In this work we propose a sky-model trained directly on
physically captured FDR imagery (AllSky) and leverage its
configurability to study the limitations and evaluation of
DNN sky-models. Through our framework, we demon-
strate DNN sky-models are subject to class-imbalances
and exposure range limitations which are uncharacterized
by common metrics and can result in a trade-off be-
tween visual quality and illumination. Though AllSky sur-
passes the current SOTA in both visual quality and user-
controllability, we demonstrate existing models cannot gen-
erate environment-maps with the same visual quality and il-
lumination as physically captured HDRI or parametric sky-
models. Significant work remains to enable DNN sky-
models to simultaneously emulate photorealistic weathered
skies and accurate natural illumination at higher resolutions.
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