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ABSTRACT

Domain shift remains a persistent challenge in deep-learning-based computer
vision, often requiring extensive model modifications or large labeled datasets to
address. Inspired by human visual perception, which adjusts input quality through
corrective lenses rather than over-training the brain, we propose Lens, a novel
camera sensor control method that enhances model performance by capturing
high-quality images from the model’s perspective, rather than relying on traditional
human-centric sensor control. Lens is lightweight and adapts sensor parameters
to specific models and scenes in real-time (i.e., test-time input adaptation). At
its core, Lens utilizes VisiT , a training-free, model-specific quality indicator that
evaluates individual unlabeled samples at test time using confidence scores, without
additional adaptation costs. To validate Lens, we introduce ImageNet-ES Diverse,
a new benchmark dataset capturing natural perturbations from varying sensor
and lighting conditions. Extensive experiments on both ImageNet-ES and our
new ImageNet-ES Diverse show that Lens significantly improves model accuracy
across various baseline schemes for sensor control and model modification, while
maintaining low latency in image captures. Lens effectively compensates for large
model size differences and integrates synergistically with model improvement
techniques. Our code and dataset are available at github.com/Edw2n/Lens.git.

1 INTRODUCTION

Domain shift, the distribution gap between training and test data, is a well-known challenge that
degrades the performance of deep-learning-based computer vision models. Existing solutions mainly
focus on either model generalization (Hendrycks et al., 2021; 2019; Sohn et al., 2020; Zhou et al.,
2023; Ganin et al., 2016; Cherti et al., 2023; Liu et al., 2021b; 2022; Oquab et al., 2023) or model
adaptation (French et al., 2017; Sun & Saenko, 2016; Gong et al., 2024; Yuan et al., 2023; Wang
et al., 2022b; Youn et al., 2022), which require modifying the model itself. However, they typically
necessitate significant changes to the model and access to large, labeled target datasets, making them
costly, time-consuming, and impractical for real-time applications on resource-constrained devices.

In contrast, human visual perception operates through a fine-tuned interplay between the eyes
(sensors) and the brain (model). The eyes function as precise sensors, capturing visual data, while the
brain processes and interprets it. When visual input is compromised, whether by blurriness or glare,
the typical response is to improve the quality of the input through corrective lenses, sunglasses, or
magnifying lenses, rather than retraining the brain to interpret flawed images better. This analogy
highlights that the model is not all you need; acquiring high-quality images through camera sensors
is essential to mitigate covariate shifts and improve visual perception (i.e., test-time input adaptation).

* edw2n.github.io.
† Corresponding authors.
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Figure 1: The concept of Lens: Lens mimics the human vision system, where eyesight quality can be
improved through visual sensor control, such as glasses. It leverages sensor parameter adjustments to
acquire higher-quality images, thereby enhancing model accuracy.

Despite existing sensor controls like auto-exposure, which are optimized for human perception,
we argue that camera sensor control designed for high-quality image acquisition to improve model
perception requires a fundamentally different approach. Furthermore, in dynamic environments and
on resource-constrained devices, sensor control mechanisms must be able to quickly adapt to varying
scenes. To address these issues, we introduce Lens (Figure 1), a novel adaptive sensor control system
that captures high-quality images robust to real-world perturbations. The core idea of Lens is to
identify optimal sensor parameters that allow the target neural network to better discriminate between
objects, akin to adjusting a pair of glasses for clear vision. Lens achieves this by leveraging VisiT
(Vision Test for neural networks), a training-free, model-specific quality indicator that operates on
individual unlabeled samples at test time without additional adaptation costs. VisiT assesses data
quality based on confidence scores tailored to the target model, ensuring high-quality data without
the need for extensive retraining or data collection. By acquiring the most discriminative images for
the target model, Lens significantly boosts model accuracy without requiring model modification.

To demonstrate the effectiveness of Lens in realistic sensor control environments, we construct a
testbed ES-Studio Diverse, where images are captured using a physical camera with varying sensor
parameters and light conditions. Using this setup, we create a new dataset called ImageNet-ES
Diverse, including 192,000 images that capture diverse natural covariate shifts via variations in sensor
and light settings, based on 1,000 samples from TinyImageNet (Le & Yang, 2015).

As the first in-depth study on model-centric sensor control, we evaluate Lens across two benchmarks –
ImageNet-ES (Baek et al., 2024) and our newly created ImageNet-ES Diverse – using multiple model
architectures. We compare Lens against various baselines, including human-targeted or random
sensor control methods, domain generalization techniques, and lightweight test-time adaptation
(TTA) methods. Our results show that Lens with VisiT significantly outperforms these methods,
improving accuracy by up to 47.58% while effectively reducing image capture time to only 0.16
seconds, making it fast enough for real-time operation. The effect of sensor control even compensates
for a model size difference of up to 50×. Additionally, an ablation study on the quality estimator
shows that VisiT outperforms state-of-the-art out-of-distribution (OOD) scoring methods, validating
confidence scores as an effective quality proxy. Our qualitative analysis further supports these findings
with visual insights. The results verify the potential of the new regime: test-time input adaptation.

Our key contributions are as follows:

• Lens: We introduce Lens, a simple yet effective adaptive sensor control method that evaluates
image quality from the model’s perspective and optimizes camera parameters to improve accuracy.

• ViSiT (Vision Test for neural networks): Lens adopts VisiT , a training-free, model-aware quality
indicator that operates on individual unlabeled samples at test time. As the first attempt of its kind,
VisiT estimates data quality based on confidence scores for generalizablility and simplicty.

• CSAs (Candidate Selection Algorithms): We propose CSAs to balance real-time adaptation and
accuracy improvements, enabling Lens’s efficient operation under practical constraints.

• ImageNet-ES Diverse: We release ImageNet-ES Diverse, a new benchmark dataset containing
192,000 images that capture natural covariate shifts through varying sensor and lighting conditions.

• Insights and Findings: Our extensive experiments not only highlight the superiority of Lens
but also reveal valuable insights for future research: (1) Sensor control significantly improves
accuracy without model modification. (2) Sensor control synergistically integrates with model
improvement techniques. (3) Sensor control must be tailored in a model- and scene-specific manner.
(4) High-quality images for model perception differ from those optimized for human vision.
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(a)Lens.

(b) VisiT.

(c) Model-speci�c design ofVisiT andLens.

Figure 2: Work�ow of Lens. Lensis a post-hoc, adaptive, and camera-agnostic sensor control system
that dynamically responds to scene characteristics while accounting for model- and scene-speci�c
manners based onVisiT scores to provide optimal image quality for neural networks.

2 RELATED WORK

2.1 MODEL IMPROVEMENT: HANDLING DOMAIN -SHIFTED INPUT DATA

Frequent domain shifts pose a signi�cant challenge when deploying neural networks in dynamic real-
world environments. Although traditional studies have aimed to improve a model's generalizability
or adaptability, these methods place a computational burden, particularly for resource-constrained
devices operating in real-time applications.Domain generalizationtechniques (Hendrycks et al.,
2021; 2019; Sohn et al., 2020; Zhou et al., 2023; Cherti et al., 2023; Liu et al., 2021b; 2022;
Oquab et al., 2023) aim to train models to handle diverse data distributions, but typically results in
signi�cantly larger and more complex models.Domain adaptationapproaches (Ganin et al., 2016;
French et al., 2017; Sun & Saenko, 2016) adapt models to a speci�c target domain, which necessitates
frequent retraining and the collection of substantial amounts of labeled target data.

To address the need for lightweight, real-time adaptation without the cost of labeling,test-time
adaptation (TTA) (Nado et al., 2020; Schneider et al., 2020; Wang et al., 2021) methods have been
developed, allowing models to adjust to new domains using a small amount of unlabeled target data
with unsupervised objectives. However, these lightweight TTA methods can lead to model collapse
when faced with rapidly changing environments.

Lastly, a fundamental limitation of these model-centric techniques is their inability to address the data
acquisition process itself. They struggle to cope with severe domain shifts that stem from low-quality
data, such as images captured in over-exposed or low-light conditions (Baek et al., 2024).

2.2 INPUT DATA IMPROVEMENT: M ITIGATING DOMAIN SHIFTS

To address domain shifts through improved data quality, camera sensor control has recently gained
attention. Unlike traditional camera auto-exposure methods designed for human perception (Kuno
et al., 1998; Liang et al., 2007), this new research focuses on optimizing sensor inputs speci�cally for
deep-learning models. However, the absence of suitable benchmark datasets led early work to rely on
camera sensor simulation (Paul et al., 2023), which falls short in generalizing to real-world domain
shifts. Although some research has explored the control of physical camera sensors (Odinaev et al.,
2023; Onzon et al., 2021), these efforts have been limited to highly-constrained environments with
only a narrow range of exposure options.

To overcome these shortcomings, the ImageNet-ES dataset (Baek et al., 2024) was introduced,
capturing domain shifts in real-world conditions by employing a physical camera with varying sensor
parameters, such as ISO, shutter speed, and aperture. While the ImageNet-ES dataset demonstrates the
potential of sensor control in addressing covariate shifts, identifying the optimal sensor parameters for
speci�c models remains an open challenge. Furthermore, additional benchmark datasets are needed
to enhance the generalizability of emerging control mechanisms. To the best of our knowledge, this
work offers the �rst comprehensive exploration on camera sensor control using realistic benchmarks,
including ImageNet-ES and our newly introducedImageNet-ES Diversedataset.
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3 Lens: ADAPTIVE GLASSES FOR VISION MODELS

We introduceLens, a post-hoc, adaptive, and camera-agnostic sensor control system for neural
networks, designed to adaptively respond to dynamic scene characteristics. The key idea behindLens
is to identify the optimal sensor control parameters that capture images in a way that enhances the
target model's ability to discriminate features–both in a model-speci�c and scene-speci�c manner–
akin to adjusting a pair of prescription glasses to provide clear vision tailored to an individual's
needs and environment. Byfocusing solely on sensor parameter adjustmentsand avoiding any
modi�cations to the model itself,Lensprevents model collapse and catastrophic forgetting, ensuring
reliable performance across varying domains. Moreover, it is lightweight and ef�cient in terms of
both computation and memory. To achieve this, we proposeVisiT (Vision Test for Neural Networks),
a lightweight vision tester integrated intoLensthat evaluates whether the images captured by the
camera sensor are optimally suited for the target model and scene.VisiT operates during test time on
individual unlabeled samples without modifying the target model.

3.1 OVERALL FRAMEWORK

Figure 2a illustrates the overall framework ofLens, which operates with a target neural network
M that supports batch inference and a camera sensor equipped with a set ofN available parameter
options,P = f p1; p2; : : : ; pN g. Let xs;p represent the image captured by the camera from a target
scenes using a sensor parameter optionp. The goal ofLensis to select the optimal sensor parameter
p̂ such that the captured imagexs; p̂ maximizes the accuracy of the target model's interpretation of
the scenes. Let Q(xs;p ; M ) denote the quality estimate for imagexs;p in the context of modelM .
The optimal parameter option̂p, as selected byLens, can be represented as:

p̂ = arg max
p2 P

Q(xs;p ; M )

Model- and Scene-Speci�c Sensor Control.Lensadaptively selects the optimal sensor parameterp̂
for each model and scene in real-time, rather than relying on a globally �xed parameter determined
through of�ine training for all models and/or scenes. The key insight is that different models have
distinct ways of extracting and prioritizing features for scene interpretation. As shown in Figure 2c,
two different models can perceive the same captured image differently (left side of the �gure), leading
to different optimal parameters for each model, even for the same scene (right side of the �gure).
Similarly, even with a �xed model, each scene contains unique features that are crucial for accurate
prediction (further discussed in Appendix D). As a result, the optimal sensor parameter is likely to
vary for each speci�c combination of model and scene (Baek et al. (2024)).

VisiT (Lightweight Vision Test for neural networks). LensincorporatesVisiT (Figure 2b) to esti-
mateQ(xs;p ; M ), which represents the quality of an unlabeled captured imagexs;p when interpreted
by the target modelM . VisiT is designed for real-time applications, operating as a lightweight and
training-free module at test time, providing model-speci�c quality estimates for unlabeled images.
To achieve the design goal, it is essential to determine an appropriate metric as a proxy for image
quality. Speci�cally, we utilize the model'scon�dence scorefor its prediction on the imagexs;p as a
simple yet effective proxy for image quality, which will be further discussed in Section 3.2.

CSA (Candidate Selection Algorithm). The latency ofLensin selecting the optimal parameter
highly depends on the camera sensor's latency to capture multiple images for different candidate
parameter options. While capturing and evaluating images for allN available parameter options
would provide the highest accuracy, it introduces signi�cant latency for a single scene prediction,
which is undesirable for real-time operation. To address the issue,Lensuses CSA to select a subset
of the full parameter setP, denoted asP 0 = f p0

1; : : : ; p0
K g, as the candidate options. The number

of candidate options,K (� N ), can be determined based on the system's need to balance temporal
overhead with accuracy. Note that, sinceLensoperates with batch inference, capturing multiple
images doesn't incur additional inference costs.

A crucial aspect of CSA is minimizing capture latency without sacri�cing accuracy when selectingK
candidate options. For example, sensor parameters like shutter speed signi�cantly impact the capture
time. Therefore, within the same time budget, it may (or may not) be more bene�cial to prioritize
multiple high-shutter-speed options over a single low-shutter-speed option, depending on the speci�c
target scene and model. We explore this trade-off by implementing and evaluating several simple
CSAs their performance in Section 5 and discuss their camera-agnostic properties in Appendix A.1.
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(a) Con�dence based. (b) OOD (Out-of-Distribution) score based.
Figure 3: Quality indicators as proxies for image quality assessment: Each score is normalized
between 0 to 1.

3.2 VisiT: L IGHTWEIGHT V ISION TEST FOR NEURAL NETWORKS

In this subsection, we provide a detailed description ofVisiT, the real-time image quality estimator for
unlabeled test-time data. The key requirements forVisiT design are: (1) Alignment with correctness:
The quality estimator must reliably indicate whether the model can accurately predict the sample. (2)
Label-free operation: It must function with unlabeled data provided during test time (3) Single-sample
assessment: The estimator should be capable of evaluating each image sample independently and
immediately. (4) Lightweight operation: It should involve minimal computational overhead, ensuring
seamless integration into sensor control pipeline.

Con�dence as a Proxy for Image Quality Assessment.We propose using thecon�dence scoreas a
simple yet effective proxy. For a sample imagex and target modelM , it is de�ned as:

Conf idence(x; M ) = max
c2 C

Softmax(f M (x)) c

whereC is the set of all possible classes, andf M (x) represents the output logits of the modelM
before applying the softmax function. The con�dence score re�ects how certain a model is about its
predictions and has been widely used in tasks such as pseudo-labeling, consistency regularization,
and high-quality image selection in semi- and self-supervised learning (Oliver et al., 2018; Sajjadi
et al., 2016; Sohn et al., 2020; Lee et al., 2013; Cui et al., 2022; Chen et al., 2020; Xie et al., 2020). It
is particularly well-suited for real-time applications, as it requires only inference on a sample without
incurring additional computational overhead, such as training.

Correlation between Proxies and Image Quality.We conducted an experiment to evaluate the
correlation between various proxies and image quality under real-world covariate shifts, using the
ImageNet-ES validation dataset (Baek et al., 2024) (details in Appendix E.2). We compared our
con�dence score with out-of-distribution (OOD) scores, commonly used to identify OOD samples,
across three models: Ef�cientNet (Tan & Le, 2019b), Swin-T (Liu et al., 2021b), and ResNet18 (He
et al., 2016). The OOD scores were sourced from four state-of-the-art methods: ViM (Wang et al.,
2022a), ASH (Djurisic et al., 2023), ReAct (Sun et al., 2021), and KNN (Sun et al., 2022)).

As shown in Figure 3, OOD scores tend to overlap between correct and incorrect samples across all
OOD techniques and models, suggesting that OOD scores are not always reliable indicators of image
quality. This discrepancy arises because OOD scores are primarily designed to detect semantic shifts
(high-level features), but are less effective in identifying covariate shifts, which re�ect variations in
low-level features. In contrast, samples with higher con�dence scores have a greater likelihood of
being correct, while those with lower con�dence scores are more likely to be incorrect. These results
underscore the effectiveness of con�dence scores as a reliable proxy for image quality.

4 ImageNet-ES Diverse: A NEW REAL-WORLD BENCHMARK

Lensimproves image quality by dynamically controlling camera sensor settings, such as ISO, shutter
speed, and aperture, to optimize environmental light for each scene. The quality of an image is
signi�cantly in�uenced by the amount and distribution of light within a scene, which depends on both
the characteristics of the objects and the surrounding environment. Therefore, it is essential to evaluate
the robustness ofLensacross various scene characteristics. While the recent ImageNet-ES (Baek
et al., 2024) dataset captures real-world scenes with varying sensor parameters, it is limited to only
two lighting conditions. Furthermore, as it features images displayed on a screen – representing
light-emitting objects(e.g., traf�c lights) – the impact of ambient light conditions can be restricted.
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