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Abstract.  High-temperature operation affects mobile vision at capture as well as during
inference. Sunlight and sustained computation heat the lens-sensor assembly, where changes
in focus and dark signal are subsequently modified by the image signal processor. This
narrative review examines how hardware athermalisation, image restoration and lightweight
visual models address the resulting degradation. Chen et al.'s temperature-conditioned
recovery provides direct thermal evidence, whereas cross-camera colour constancy and
compact task models contribute methods largely tested under other conditions. The
distinction matters when judging transfer to a phone in sustained use. Optical compensation
can retain detail that software would otherwise have to estimate; learned correction remains
dependent on the camera and its calibration data. A faster task model may still make an
unreliable decision from the corrected image. Across the reviewed studies, pairwise
integration is better established than a complete thermal pipeline spanning capture,
correction and task adaptation. Evaluation needs to distinguish device identity from thermal
state and measure image quality alongside task accuracy, energy and latency during real
heating and cooling. A lightweight, camera-aware design is plausible, but its cross-device
reliability remains to be demonstrated.
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1. Introduction and background

1.1. Application context

Mobile cameras support navigation, augmented reality and visual assistants, often with lightweight
networks running on the device [1]. Sunlight, poor ventilation and sustained processing expose the
camera to heat; prolonged workloads can also trigger thermal throttling [2]. The imaging problem
begins before inference. Heating changes the lens and sensor, introducing blur, noise or colour drift
that may affect downstream decisions even when computation remains fast enough.
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1.2. Research significance

Heat can shift the focal plane and increase dark current before an image enters the image signal
processor (ISP) [3, 4]. Demosaicing, denoising, white balance and tone mapping then reshape these
disturbances, so the processed red-green-blue (RGB) image does not directly reveal sensor drift [5].
Models trained on clean images often lose accuracy under blur or noise [6], while colour-dependent
questions remain difficult for multimodal systems even without physical heating [7]. An image that
looks acceptable may still misrepresent a small warning label or traffic signal. Image quality and
task reliability require separate assessment.

1.3. Aim and scope of this review

Gijsenij et al. review computational colour constancy and compare illuminant estimation methods
[8], without organising their analysis around thermal degradation in mobile lens-sensor-ISP chains.
Li et al.'s low-light review already includes cross-phone testing and downstream face detection [9].
These evaluation ideas are established; the acquisition condition in that review is low illumination
rather than controlled heating and cooling.

The gap examined here is the incomplete connection between thermal image formation, camera-
specific correction and task reliability during sustained mobile operation. This narrative review
compares hardware, image-level and task-level interventions for heat-affected visible-light imaging.
It separates direct thermal evidence from adjacent work and asks which combinations remain
plausible under mobile power, latency and calibration constraints. Its contribution is this integrated
assessment, rather than a new restoration method or a claim of universal thermal robustness.

2. Degradation mechanisms and intervention strategies

Intervention can preserve information at capture, correct a degraded frame or improve a decision
from the remaining evidence. These outcomes differ: tolerating blur does not restore lost texture,
and a plausible image can still yield an incorrect detection.

2.1. Mechanisms of high-temperature imaging degradation

Heat changes refractive index, lens spacing and support structures. When these effects do not cancel,
the focal plane and point-spread function vary with temperature; Chen et al. modelled this behaviour
directly [3]. Blur also depends on field position and wavelength, making a single Gaussian kernel a
coarse proxy. Lens materials, geometry and barrel expansion help explain why the response differs
across modules [10-12].

Dark current and fixed-pattern noise introduce a sensor-level disturbance whose visibility
depends on temperature, illumination and exposure [13]. Pixel-level temperature sensing can
compensate part of the dark signal, but not thermal defocus [4]. Cameras also have different spectral
sensitivities: identical scenes and illuminants need not produce identical channel ratios [14]. White
balance, denoising and tone mapping further alter the disturbance in unprocessed sensor data (RAW
data) [5]. A yellow cast on one phone is therefore not a universal thermal law. Its direction and
magnitude depend on the lens-sensor-ISP chain, and equal ambient temperatures do not imply equal
degradation.
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2.2. Source-level intervention: hardware athermalisation

Passive optical athermalisation combines materials or diffractive elements with partly cancelling
thermal responses [10]. It adds no inference cost, although lens shape, chromatic performance and
assembly tolerance remain coupled. Designs reported over -60 to 100 degrees C are still module-
specific [11]. Mechanical compensation uses differential expansion to move the lens or detector
[12]; space, ageing and thermal hysteresis complicate its use in a phone.

Active compensation can use temperature feedback to move a lens group, adding power and
calibration requirements [15]. Wavefront coding instead reduces optical sensitivity to defocus and
uses software decoding; one infrared design covered -40 to 60 degrees C [16]. These optical
interventions can preserve spatial information at capture, but do not by themselves correct sensor- or
ISP-induced colour error. Infrared demonstrations also require caution when extrapolated to visible-
light phone modules.

2.3. Image-level intervention: thermal restoration and colour correction

Restoration estimates useful detail from a degraded frame. Colour constancy makes a narrower
chromatic correction and cannot recover detail removed by defocus.

2.3.1. Temperature-conditioned learned restoration

Chen et al. use measured temperature to select a branch of a Wasserstein generative adversarial
network [3]. In their simulated vehicle-lens study, image-quality differences divide the 0-80 degrees
C range into four operating bands. Conditioning on temperature avoids training a model for every
temperature while retaining some specificity to the degradation state.

The simulated and captured results need to be distinguished. Mean peak signal-to-noise ratio
(PSNR) improved by about 2.29 dB over the blurred input in the vehicle-lens simulation. In a
separate display-capture experiment, a camera module was tested in a controlled chamber from 0 to
60 degrees C; mean PSNR improved by about 0.93 dB and learned perceptual image patch
similarity (LPIPS) decreased by 0.09 [3]. Network compression reduced the parameter count from
approximately 2.15 x 10^8 to 1.20 x 10^7. These are camera-specific image-recovery results, not
measurements of downstream task improvement.

Hard branch boundaries may cause discontinuities during heating or cooling, and one temperature
reading cannot describe a non-uniform thermal field. The display-capture setup offers limited depth
and spectral variation; the paper's qualitative indoor and outdoor examples do not establish transfer
across camera models [3]. Calibrated colour recovery and downstream accuracy remain uncertain.
Generative restoration adds a further risk: plausible texture can be synthesised without measurement
support.

2.3.2. Colour correction and cross-camera adaptation

Convolutional colour constancy estimates illumination in log-chrominance space [17]; FC4
combines local estimates through confidence-weighted pooling [18]. Both depend on the training
camera. Multi-domain learning shares most parameters and reserves a small component for each
device [19].

C5 adapts a colour-constancy model using unlabelled RAW images from an unseen camera [14].
Its approximately 2 MB model runs in about 7 ms on a graphics processing unit or 90 ms on a
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central processing unit, making it a useful calibration baseline. It estimates global illumination,
however, without modelling thermal defocus, dark-current growth or ISP drift. Camera adaptation
can complement thermal restoration; the two solve different parts of the problem.

2.3.3. Lightweight mobile image processing

Compact convolutional neural networks reproduce aspects of smartphone colour rendition and
sharpness [20], while LAN targets efficient RAW-to-RGB processing [21]. These learned ISP
approaches make mobile image correction feasible under ordinary conditions. Neither study tests
physical heating, and clipped colour or severely lost detail cannot be reliably recovered by software
alone.

2.4. Task-level intervention with lightweight visual models

Task models seek a reliable label, box, track or answer. This can reduce reconstruction demands, but
sensitivity depends on the task: a mild colour cast may leave shape recognition intact while
corrupting a traffic-signal decision.

2.4.1. Lightweight convolutional networks under colour and thermal shift

The MobileNet family establishes the feasibility of efficient mobile inference [1, 22, 23].
MobileNetV3-Large reported 3.2% higher ImageNet accuracy at 20% lower latency than
MobileNetV2 [1]. Efficiency does not establish robustness to heated-camera input: blur and noise
reduce clean-trained accuracy [6], and synthetic colour shifts can substantially change predictions
[24].

Training could combine realistic colour drift, blur and signal-dependent noise with feature
consistency or a small camera adapter. Invariance must remain selective, preserving colour that
carries task meaning. Runtime requires separate attention. Thermal-aware control reduced selected
smartphone workload latency by up to 18% while avoiding throttling [2], and mobile graphics
processors support on-device inference [25]. These computing results do not measure thermal
camera degradation.

2.4.2. Small vision-language models

Vision-language models (VLMs) connect a visual encoder to language processing, as in LLaVA
[26]. MobileVLM and TinyLLaVA extend this approach to smaller systems [27, 28]; MobileVLM
reported 21.5 generated tokens/s on Snapdragon 888 [27]. Neither study evaluated heated-camera
frames. Defocus can erase text or small symbols before encoding, while camera-specific colour drift
alters cues that later reasoning cannot reconstruct.

ColorBench found uneven colour perception and reasoning across 32 VLMs [7]. Robust-LLaVA
addresses adversarial robustness, without testing thermal defocus, sensor noise or ISP drift [29].
Within these studies, dedicated high-temperature mobile-camera evaluation remains absent. Joint
degradations during training and an uncertainty mechanism that can request another frame are
plausible safeguards, but require thermal validation.

Table 1 compares the three intervention layers. Combining them is a practical design hypothesis;
superiority over single-layer alternatives has not been established across heated mobile cameras.
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Table 1. Comparison of the three intervention layers for high-temperature mobile vision

Comparison
dimension

Hardware-level
intervention Image-level intervention Task-level intervention

Point and target
Before or during capture;

limits defocus and selected
sensor effects.

After capture; corrects
blur, noise or colour in
RAW or linear RGB.

During inference;
improves decisions

under residual
degradation.

Methods and use

Optical or mechanical
compensation, active focus
and dark-signal correction
[4, 10-12, 15, 16]; suited to

stable modules.

Thermal restoration and
colour calibration [3, 14,

17-21]; suited to
updatable cameras with

calibration data.

Lightweight networks
and corruption-aware
training [1, 6, 22-29];

suited to resource-
limited recognition or

reasoning.

Main strength

Preserves captured
information; passive

designs need little runtime
computation.

Can be updated after
manufacture and adapted

to a camera.

Targets task accuracy
with lower memory and

latency.

Main limitation
Module-specific cost,
space and calibration;

colour errors can remain.

Limited transfer;
clipping and severe

information loss are not
reliably reversible;

generated detail may be
unsupported.

Does not restore the
image; task-relevant

colour may be
suppressed; heated-

camera evidence
remains limited.

Evaluation
Focus stability, optical

response, sensor noise and
thermal repeatability.

PSNR, LPIPS, colour
and illuminant error;
preservation of task

cues.

Task accuracy, colour
sensitivity and

uncertainty; sustained
latency, energy and

temperature.

2.5. Joint optimisation and hybrid intervention pipelines

Existing integration mainly couples two layers. Wavefront coding joins optical compensation with
computational decoding in an infrared system [16], while Chen et al. pair shallow-designed optics
with temperature-conditioned recovery, without downstream task training [3]. Dirty Pixels jointly
learns RAW processing and classification under low light, without evaluating a controlled thermal
sweep [30]. C5 and multi-domain colour constancy offer camera-adaptation components [14, 19].
These precedents have not established a fully optimised, thermally validated three-layer pipeline
across devices.

A candidate workflow would limit degradation through optical or focus compensation, correct
residual blur and colour using camera-state information, then adapt a lightweight task model. It
remains a proposed direction. Joint optimisation needs real thermal data with task labels and a
model of the residual degradation after hardware compensation. Restoration must preserve measured
evidence rather than invent detail, and switching or adaptation must remain stable through heating
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and cooling. Added computation itself generates heat [2], so fidelity, task accuracy, latency and
energy cannot be optimised independently of thermal state. Matched-budget ablations of single
layers, pairwise combinations and the full pipeline are needed to test when integration helps.

3. Challenges and future directions

3.1. Limited real high-temperature data

Real heated-camera data remain limited in the reviewed work [3]. Synthetic RAW pipelines
reproduce noise and processing, but not physical warm-up [5]. Useful comparisons require several
phone models and repeated units, paired RAW and processed frames where available, neutral targets
and natural scenes, and controlled camera-state and thermal metadata. Sunlight and processor-driven
heating should be recorded separately because their internal temperature fields differ.

3.2. Cross-camera generalisation

A model trained on one phone may absorb its ISP or white-balance behaviour and fail when another
camera produces a similar cast for a different reason. Thermal transfer confounds device identity
with changing thermal state. A shared model with a lightweight device-conditioned adapter could
separate them, drawing on multi-domain learning and C5 [14, 19]. Their camera adaptation is a
precedent, not proof of thermal transfer.

Calibration should span a reference temperature and a thermal sweep, with paired RAW and
processed frames helping to distinguish capture error from ISP effects. Camera-state and thermal
metadata are needed to control exposure, focus and workload; ambient temperature alone is
insufficient. Device-specific forward models can generate training perturbations, but require checks
against real measurements. Validation should hold out both camera models and physical units,
include actual heating and cooling, and report colour and task errors for each device rather than only
pooled means.

3.3. Disconnect between image quality and task performance

Better PSNR, LPIPS or colour error does not automatically imply better classification, detection or
visual question answering [3, 6, 7]. Smoothing may raise PSNR while erasing a small coloured cue;
a visible cast may leave a shape-based decision unchanged. Image and task metrics should be
reported together, using both colour-dependent and colour-independent tasks. This separates
improved appearance from preserved decision-relevant evidence.

3.4. Continuous adaptation and mobile co-design

Continuous state conditioning could reduce the discontinuities of discrete temperature branches [3].
Correction need not run on every frame: metadata or image statistics could trigger an update, with
uncertainty reported by the task model. These choices require testing during warm-up and cooling,
including whether switching introduces flicker or unstable predictions.

Adaptation also consumes thermal headroom. A larger model may improve one frame yet
increase power demand and bring throttling forward [1, 2]. Measurements after warm-up should
report task accuracy, colour error, energy, latency and device temperature separately. Cold-start
speed alone gives an incomplete account of sustained operation.
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4. Conclusion

Thermal degradation is camera-dependent: optical drift, sensor response and ISP processing jointly
affect the evidence available to a visual model. Temperature-conditioned restoration improves image
quality on particular cameras [3], while lightweight architectures establish mobile inference
feasibility [1, 27]. Neither finding alone demonstrates dependable downstream performance under
heat.

Cross-layer co-design is a plausible route, provided capture degradation remains recoverable and
correction preserves task-relevant detail. The decisive tests are cross-device measurements during
real heating and cooling, with colour-sensitive tasks and sustained power and latency constraints.
Such evaluation is still needed before a hybrid pipeline can be treated as a general mobile solution.
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