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ARTICLE INFO ABSTRACT

Keywords: Assessing the confidence of machine learning models is increasingly important for enhancing decision support
Digital agriculture in digital agriculture. Addressing this challenge involves identifying and classifying sources of uncertainty and
Crop production applying a suitable quantification method. To fully realize the potential of uncertainty quantification in digital

Deep learning
Uncertainty quantification
Conformal prediction

agriculture, it is necessary to explore and evaluate different techniques, demonstrating their effectiveness in
diverse scenarios. In this paper, we focus on the conformal prediction (CP) framework, specifically inductive
conformal prediction (ICP), as a non-parametric tool for uncertainty quantification. Conformal prediction has
gained a foothold for its multiple advantages, including being model-agnostic — requiring no retraining or
changes to model architecture — and computationally efficient. Moreover, CP operates under a distribution-
free framework, making no assumptions about the data, and provides calibrated uncertainty estimates where
empirical errors match pre-defined theoretical levels. These properties make it particularly well-suited for
agricultural tasks, where datasets often exhibit variability across regions and lack reliable ground truth
labels. Through ablation studies, we comprehensively analyze ICP’s performance as a post-hoc approach for
ResNet-18 and ViT-B/16, demonstrating that both achieve the required pre-defined error levels. We compare
ICP performance against other methods in diverse agricultural tasks, including out-of-distribution detection
and covariate shift. Our experiments highlight CP’s unique benefits, such as validity, efficiency, and low
computational overhead, making it a promising approach for developing more reliable agricultural machine
learning systems.

1. Introduction et al., 2023), the modeling and forecasting of plant growth stages

(Drees et al., 2022, 2024; Quan et al., 2019), detection of plant diseases
(Ferentinos, 2018; Neupane et al., 2019), and yield estimation (Zabawa
et al., 2020).

In digital agriculture, the growing reliance on ML models makes
it essential to evaluate prediction quality. Uncertainty quantification
offers valuable insights into model outputs, boosting confidence and
signaling when human intervention is needed. In other words, instead
of just generating point-wise estimates, uncertainty tools as shown in
Fig. 1 allow to investigate issues inherited by data, model, or both by
producing a probabilistic prediction.

ML models, in which labeled data is used to train a model to make
predictions on unseen data, is considered learning by induction. As
such, models approximate the real world, creating a source of uncer-
tainty, denoted as Epistemic (or model uncertainty). Additionally, noisy
and imprecise data serve as another source of uncertainty, denoted as

Despite the United Nations (UN) introducing the Zero hunger goal
in 2012 to eradicate hunger worldwide by 2030, approximately 900
million people still face severe food insecurity (FAO et al.,, 2022).
This shortfall underscores the urgent need to improve our agricultural
strategies to ensure long-term food security for all. The rise of digital
agriculture as a solution has gained popularity by its embrace of data-
driven models, which are built upon the observations from sensors and
strategies used by Machine learning (ML). Such models have the po-
tential to not only enhance existing agricultural management practices
but also to shed light on viable new strategies for future management.

Particularly, Deep Learning (DL) has proven to be exceptionally
effective in processing large datasets collected via various sensors,
identifying significant patterns and insights in Pound et al. (2017).
This capability has paved the way for a diverse array of applications,
including the classification of crops using multiple models (Teixeira
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Fig. 1. Uncertainty quantification in Machine learning. During training, we acquire finite samples D from the original observational space Z. We select our hypothesis space
H, and based on the prior parameters /@) and data distribution A D), we obtain our model #. Basic machine learning pipeline focuses on acquiring the label with the highest
probability $, which is a point-wise prediction (simple prediction). To ensure reliability, we switch to Probabilistic inference to quantify uncertainties from the model and new data
points, represented by the parameters’ posterior distribution 6#|D) and conditional %,(y|X ) distributions, respectively. Uncertainty quantification techniques provide tools to
measure data, model, and total predictive uncertainties. Conformal prediction as a post-hoc approach uses data, scoring function S, and a predefined error level a to quantify the
total predictive uncertainty geometrically by generating a prediction set and ensures an upper bound on the errors made by the ML framework.

Aleatoric (or data uncertainty). In a nutshell, data uncertainty relates to
the inherent stochasticity in the data-generating process, while model
uncertainty represents the lack of knowledge about the best model-
unknown data generating process. Gawlikowski et al. (2023) presents
a comprehensive overview of uncertainty in DL, further pointing out
that epistemic uncertainty is reducible, while aleatoric is generally irre-
ducible. They demonstrate metrics to measure uncertainty and provide
various approaches to address uncertainty in the context of real-
world applications. Hiillermeier and Waegeman (2019) offers a detailed
explanation of uncertainty sources in supervised learning settings and
provides a classification of various ML-based methods for dealing with
uncertainty and explores set-valued prediction approaches, a further
class of methods to estimate uncertainty.

One of the most prominent algorithms for this class is Conformal
Prediction (CP) (Vladimir Vovk, 2005; Papadopoulos et al., 2002; Lei
and Wasserman, 2014). While it has had theoretical foundations since
the early 2000s a more comprehensive treatment has been provided
around 2005, CP has recently gained attention in DL (Angelopoulos and
Bates, 2021). The fundamental concept is to transform a ML predictive

model referred to in the literature as the Underlying algorithm into a Set
predictive algorithm that generates prediction sets for unseen samples
or as referred to in the literature, to generate a Hedged prediction. A
prediction set is defined as a set of labels that guarantees to cover
the reference value with a predefined error (significance) level in a
classification problem and an interval in the case of regression tasks.
In other words, the prediction set/interval ensures coverage of the true
reference value with an upper bound for errors created by the ML
system while representing the underlying uncertainty geometrically by
controlling the set size.

In this paper, we explore and compare conformal prediction with
other uncertainty quantification techniques across diverse tasks, scenar-
ios, and datasets within the agricultural context. We begin by outlining
the main research gaps in uncertainty quantification for machine learn-
ing in agriculture in Section 2. We critically assess CP’s strengths and
limitations compared to alternative methods, focusing on their ability
to convey prediction uncertainty from both qualitative and quantitative
perspectives.

We conduct two experiments to highlight the characteristics of CP:
first, an ablation study examining the impact of CP parameters on
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performance; and second, a comparative study evaluating CP against
deep ensembles and softmax techniques in real-world scenarios. Our
main contributions are as follows:

» Macro and Micro Analysis of Conformal Prediction: We ex-
plore conformal prediction at both broad and granular levels
through an ablation study, uncovering its unique characteristics
and potential impacts on agricultural tasks.

Innovative Case Study for Data and Model Insights: We demon-
strate how CP not only provides calibrated uncertainty estimates
but also serves as a diagnostic tool to identify data issues and
model limitations. Using domain knowledge, we highlight how
CP’s tunable parameters can optimize performance in agricultural
contexts.

Real-World Comparison with Established Methods: We bench-
mark CP against deep ensembles and softmax techniques under
real-world scenarios, showcasing its advantages and shedding
light on its limitations.

Guidance for Future Research: We propose forward-thinking
research directions to extend CP’s utility across different scales,
addressing current limitations and inspiring new applications in
agriculture and beyond.

Vision for Democratizing Reliable Models: We share our vision of
how CP can transform the agricultural sector by offering inter-
pretable, low-computational-cost models that empower farmers
and practitioners to make informed decisions with confidence.

Being agnostic to the model in the sense that no changes are
required for the model architecture and no re-training, distribution-free
as no prior assumptions are needed for data generating distribution,
and coupled with its finite sample statistical guarantees (Angelopoulos
and Bates, 2021) which ensures robust statistical performance for
practical applications, its limited application in digital agriculture to
date underscores the significant potential it holds. It is, therefore, an
important layer that should be integrated into our modern data-driven
agricultural systems.

The paper is organized as follows: Section 2 reviews related work,
followed by an introduction to ICP in Section 3. Section 4 presents the
datasets, and Section 5 outlines the experiments, including an ablation
study in Section 5.1 and a comparison of ICP with deep ensembles
and softmax under real-world scenarios in Section 5.2. Sections 6 and
7 provide final remarks and discuss broader agricultural implications,
while Section 8 concludes the paper. Additional analysis and results are
available in the Appendix. The code of the paper will be made publicly
available on GitHubrepository.

2. Related work
2.1. Uncertainty in machine learning

Addressing uncertainty in machine learning can be approached in
two distinct ways. Firstly, one might assume that uncertainty can be
decomposed into model and data uncertainties, allowing for their inde-
pendent estimation. Under this assumption, the combination of these
uncertainties constitutes the total predictive uncertainty (Shaker and
Hiillermeier, 2021). However, focusing exclusively on data and model
uncertainty may overlook other significant contributors to uncertainty
in real-world problems, yet it remains crucial for in-depth analysis of
the data and the model, particularly if enhancements are desired.

Alternatively, one might adopt the viewpoint that such a decom-
position of uncertainty is questionable (Hiillermeier, 2022). In this
case, the focus shifts to assessing the total predictive uncertainty, a
critical measure for ensuring model reliability without examining the
specific origins of the uncertainty (Angelopoulos and Bates, 2021). It is
important to acknowledge that the concept of uncertainty, its origins,
and the conventional categorization into model and data uncertainties

Computers and Electronics in Agriculture 237 (2025) 110559

remain ambiguous in ML, as indicated by Gruber et al. (2023). These
observations underscore the presence of additional uncertainty sources,
such as missing data and the deployment of ML models in dynamic
environments, suggesting that the landscape of uncertainty is more
complex than traditionally understood.

Epistemic uncertainty quantification techniques. Epistemic uncer-
tainty arises from various factors such as insufficient data, model
misspecification, or inappropriate selection of hyper-parameters. It is
important to distinguish between two types of epistemic uncertainty:
Model uncertainty (model misspecification) and Approximation uncer-
tainty. The former is due to inadequate model selection, representing
the selection of the Hypothesis space H. The latter depends on the size
the data and the hyperparameters, reflecting the degree to which the
model approximates the True model within the predefined hypothesis
space!

Several techniques have been developed for estimating epistemic
uncertainty. Among these, Bayesian Neural Networks (BNN) which is
a prominent method (Wang and Yeung, 2020). BNNs aim to compute
the posterior distribution of the weights by observing the data, from
which probabilistic outputs are derived through sampling. However,
this approach becomes computationally intractable for DL models due
to its complexity. This situation necessitates the development of meth-
ods to approximate the intractable posterior distribution. Consequently,
stochastic techniques have been created such as Monte Carlo Dropout
(MC-Dropout), Ensemble Learning (EL), and Flipout (Gal and Ghahra-
mani, 2015; Lakshminarayanan et al., 2017; Wen et al., 2018). They
generate an approximated posterior predictive distribution, by perturb-
ing the weights in a stochastic way based on the used approach. EL seen
as BBN approximation (Hoffmann and Elster, 2021) is the most com-
monly investigated due to enhancing the predictive performance and
the quality of the approximation obtained. It involves training multiple
copies of the same architecture with different hyper-parameters and
dataset splits.

Despite their potential, the computational demands of these stochas-
tic approaches often limit their practical application in addressing
real-world problems. Hence, deterministic uncertainty quantification
methods (DUMs) (Mukhoti et al., 2023; van Amersfoort et al., 2020;
Liu et al., 2020) emerging as an alternative, these methods are designed
to mitigate computational overhead during inference by treating model
weights as fixed values. They efficiently estimate epistemic uncertainty
in a single forward pass by applying regularization to the model’s hid-
den representations. However, under continuous distributional shifts,
the calibration of uncertainty estimates by DUMs is considerably worse
than that achieved by stochastic methods (Postels et al., 2021). Re-
gardless of the differences, Lahlou et al. (2023) demonstrates that both
deterministic and stochastic methods fail to capture model misspec-
ification leading to uncalibrated uncertainty estimates and introduce
Direct Epistemic Uncertainty Prediction (DEUP) as a new technique for
obtaining more accurate epistemic uncertainty estimates.

Aleatoric uncertainty quantification techniques. Data uncertainty,
which arises from issues such as feature overlap and errors in labeling,
can be categorized into two types: homoscedastic and heteroscedastic.
The former implies a constant uncertainty regardless of the input,
while the latter suggests that uncertainty varies with each specific
input. Evaluating aleatoric uncertainty could be done in regression, by
modeling not only the mean but also the variance of the target distribu-
tion. For example, by assuming a Gaussian likelihood and minimizing

1 An assumption is commonly made to set model uncertainty to zero, based
on the complexity of addressing this uncertainty and the argument that deep
neural networks are sufficiently rich to encompass the correct hypothesis
space. Thus, the approximation uncertainty is the only significant factor for
epistemic uncertainty (Hiillermeier and Waegeman, 2019). We follow the
same assumption in our experiments: epistemic uncertainty ~ approximation
uncertainty.
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Fig. 2. Uncertainty quantification methods. Uncertainty quantification in machine learning can be broadly categorized into Bayesian and deterministic approaches. Full Bayesian
methods estimate uncertainty by exploring the posterior distribution of model parameters, providing probabilistic outputs where uncertainty can be measured using variance or
entropy. However, exact Bayesian inference in deep learning is intractable, leading to approximation techniques such as deep ensembles, which uses multiple models to approximate
the posterior distribution and quantify uncertainty. To improve real-time feasibility, deterministic methods have been explored as a computationally efficient alternative, often
relying on distances in the feature space to estimate uncertainty. Some of these methods implicitly regularize the latent space to enforce smoother representations. However,
uncertainty estimation techniques from this family suffer from miscalibration, meaning their uncertainty estimates may not always align with true confidence levels. Conformal
prediction provides a post-hoc calibration method that generates prediction sets with guaranteed coverage, where the width of these sets can serve as a proxy for uncertainty.

the corresponding negative log-likelihood, both the mean and the
variance can be learned (Nix and Weigend, 1994). Alternatively, quan-
tile regression — which employs the pinball loss function — estimates
specific quantiles of the predictive distribution, allowing one to infer
uncertainty from the spread of these quantiles (Koenker and Bassett,
1978). In classification, the softmax function converts network logits
into a probability distribution over classes, which can serve as a proxy
for predictive uncertainty. However Guo et al. (2017a) have critiqued
this approach due to its susceptibility to miscalibration, a condition
where predicted probabilities misrepresent true likelihoods. It is also
prone to overconfidence, where it assigns high probabilities to samples
that are incorrectly classified (Lakshminarayanan et al., 2017), thereby
distorting the true measure of uncertainty. Moreover, this method falls
short in capturing epistemic uncertainty (Gal and Ghahramani, 2015).
Multiple approaches have been developed to overcome the previous
problems e.g., Kendall and Gal (2017) use a learned loss as a proxy
for the heteroscedastic uncertainty, Mukhoti and Gal (2018) explore
MC-Dropout as BNNs approximation to estimate aleatoric and epistemic
uncertainty for segmentation models. Kirchhof et al. (2023) investigate
contrastive encoders to predict latent distributions instead of points
for the input. They prove that these distributions recover the correct
posteriors of the data-generating process, including its level of aleatoric
uncertainty.

The methods described above represent some of the most com-
mon techniques for uncertainty quantification in machine learning—
particularly in computer vision. However, given the field’s vast scope
and rapid evolution, a comprehensive review is beyond this paper’s
focus. Other approaches include generative models, which intuitively
estimate both model and data uncertainties; yet, these methods often
require large amounts of data, face challenges in selecting appropriate
model classes (Hiillermeier and Waegeman, 2019), and can exhibit

overconfidence (Nalisnick et al., 2019). Recently, credal sets (Hof-
man et al.,, 2024a) have attracted attention for capturing multiple
uncertainty components simultaneously, though they tend to be com-
putationally intensive (Hiillermeier and Waegeman, 2019).

We categorize the most commonly used approaches as shown in Fig.
2 into bayesian and deterministic methods. Bayesian methods quantify
uncertainty by explicitly or implicitly modeling the posterior distribu-
tion over the model parameters. In contrast, deterministic approaches
avoid the computational cost of full posterior inference by estimating
uncertainty in a single forward pass. In particular, these methods either
constrain the learned weights during training to yield more informative
representations or employ techniques such as conformal prediction,
which measures uncertainty based on distances in the feature space or
prediction set widths derived from hypothesis testing.

2.2. Machine learning uncertainty quantification in agriculture

Due to its significance, there have been multiple attempts to inte-
grate uncertainty quantification techniques into the agricultural ma-
chine learning framework as shown in Table 1. Wang et al. (2019) use
full bayesian approach to estimate uncertainty for subsoil heterogeneity
estimations. They specify a prior distribution and use bayes rule to get
the posterior as they use model with relatively low number of param-
eters compared to deep learning models. MC-Dropout and Stochastic
Gradient Langevin Dynamics (SGLD) (Welling and Teh, 2011) have
been used by Hernandez and Loépez (2020) as an approximation to
full bayesian approach for plant disease detection. Chrispell et al.
(2021), Meenken et al. (2021) have investigated full bayesian ap-
proaches while using a hybrid modeling approaches which combines
machine learning with physical model for real-time crop management
and estimating crop sensitivity to weather changes. Multiple studies for
different tasks (Chrispell et al., 2021; Xu et al., 2022; Padarian et al.,
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Table 1
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Uncertainty quantification for machine learning in agriculture.

Author Task

UQ technique

Wang et al. (2019)
Hernandez and Lépez (2020)
Meenken et al. (2021)
Chrispell et al. (2021)
Xu et al. (2022)
Padarian et al. (2022)
Werther et al. (2022)
Li et al. (2023)
Celikkan et al. (2023)
Agyeman et al. (2023)
Melki et al. (2023)
Farag et al. (2023)
Kakhani et al. (2024)
Rau et al. (2024)

Estimating subsoil heterogeneity
Plant disease detection

Real time crop management
Weather-Crop sensitivity
Precipitation forecasting

Soil Spectral Model Uncertainty
Chlorophyll-a estimation

Soil moisture retrieval
Crops-Weed segmentation

Soil Zinc level estimation
Crop-Weed classification
Harvest readiness

Soil organic Carbon estimation
Soil classification

Full Bayesian
MC-Dropout/SGLD

Full Bayesian

Full Bayesian

MC-Dropout

MC-Dropout

MC-Dropout
MC-Dropout/Deep Ensembles
MC-Dropout

Kriging

Conformal prediction
Conformal prediction
Conformal prediction

Last layer Laplace approximation

2022; Werther et al., 2022; Li et al., 2023; Celikkan et al., 2023) have
focused on using MC-Dropout or ensembles to estimate data uncertainty
or model uncertainty in deep learning models for being computation-
ally efficient (during training) and providing a direct way to measure
uncertainty estimates by using metrics such as mean and variance.
Conformal prediction for various agricultural applications (Melki et al.,
2023; Farag et al., 2023; Kakhani et al., 2024) has gained attention
due to its simplicity and robust statistical guarantees for providing cal-
ibrated uncertainty estimates. Other technique such Last layer Laplace
(LLL) approximation has been used as another approximation to full
bayesian (Rau et al., 2024) and kriging by Agyeman et al. (2023) for
soil Zinc uncertainty estimation.

Previous studies primarily rely on the Bayesian paradigm for uncer-
tainty estimation, reflecting the field’s historical focus on probabilistic
modeling. Conformal prediction has gained attention in agriculture as
a computationally efficient alternative, offering statistical guarantees
with lower overhead than Bayesian methods. However, significant gaps
remain at various levels:

1. Full bayesian approaches are computationally expensive dur-
ing both training and testing, require careful selection of prior
distributions, and often suffer from miscalibration, leading to
unreliable uncertainty estimates (Papamarkou et al., 2024).

2. Bayesian approximations although they reduce training costs,
they still impose significant real-time computational burdens
and are highly model-specific. For instance, in deep ensembles,
the model architecture and data splitting impact estimates, while
in MC-Dropout, the placement of dropout layers and the dropout
rate are critical hyperparameters (Verdoja and Kyrki, 2020).

3. Despite its popularity, MC-Dropout exhibits miscalibration on
in-distribution samples and tends to be overconfident on out-of-
distribution data (Lakshminarayanan et al., 2017), which can be
problematic for high-stakes applications.

4. While effective for providing calibrated uncertainty insights on
in-distribution data, its performance under distributional shifts
and OoD detection has not been sufficiently explored—an impor-
tant consideration in the dynamic environments of agriculture.
Moreover, most studies have not thoroughly investigated the
impact of conformal prediction’s parameters on the resulting
uncertainty estimates.

5. Most studies focus on a single UQ technique, one dataset, and
one model for a task rather than comparing multiple methods
across varied settings. This narrow evaluation scope limits our
understanding of the generalizability of UQ methods and im-
pedes the selection of the most appropriate tool for different
contexts.

Overall, these observations highlight the critical need for further
research in uncertainty quantification for agricultural applications.

3. Inductive conformal prediction (ICP)

A dataset is defined as {X,.,y,} € D, n = 1,...,N, with X, €
RHXWXB representing a B-dimensional image and y, € R = [1,..., L]
denoting the class labels with L being the total number of classes. ICP?
transforms a conventional predictive algorithm into a so-called confor-
malized model by generating a prediction sets that are guaranteed to
cover the reference value y* with a pre-defined probability level (1-a)%
on average for a new test sample X .

Conformalization demonstrated by Fig. 3 goes as follows:

1. A notion of uncertainty such as softmax outputs in classification
is selected, we have L classes represented by probability vector

p:
(X)) =p=1[p'....p"1], )

where o(#(X)) is the softmax output for image X after feature
extraction by the DL model # and generating the logits 7(X).

2. We calibrate the model using new unseen i.i.d. samples { X ;,y;} €
C,j = 1,...,J, from the same training set distribution by
obtaining the softmax outputs for each sample and applying a
proper Scoring function (Gneiting and Raftery, 2007) S(X,,, ¥,,),
with a main role to assign values for the prediction errors. It
needs to be selected as a hyper-parameter (e.g., hedge loss). The
scoring function in this case is defined in the range [0, 1] as:

SX s Yim) =1 =D . 2)

Where p; - is the probability corresponding to the reference
value y* for image j from the calibration set. It is used as a
conformity measure, to be aligned with the literature we refer
to Eq. (2) as non-conformity measure. A suitable choice is im-
portant and careful design characteristics such as ranking the
prediction errors when the model is applied to inputs should be
considered (Angelopoulos and Bates, 2021). The so-called non-
conformal scores represent the predictive uncertainty, where a
large score means less confidence as the original softmax value
is low and vice versa.

3. The empirical quantile of the non-conformal scores, denoted as
4, is calculated based on a pre-defined error level a and the
number of calibration samples J is used to correct the value due
to the finite number of data points:

[(J + D - a)]

9=—7F—— 3)

2 In this paper, we distinguish between two primary types of conformal
prediction: Transductive Conformal Prediction (TCP) and inductive conformal
prediction, also known as Split conformal prediction. We focus on ICP due
to its lower computational overhead of O(1/n) while preserving many of the
characteristics of TCP. However, it is important to note that ICP typically
exhibits slightly less statistical power compared to TCP, a consequence of
splitting the data.
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Fig. 3. Inductive conformal prediction framework. Consists of two main stages: calibration and inference. In the calibration stage, we select calibration data from the same
distribution as the training dataset and train our model. We then choose an appropriate scoring function, such as hinge loss, and compute a score for each calibration data point.
Given a predefined confidence level a (e.g., 95%), we determine the empirical quantile 4. During inference, we use the conformalized model to evaluate a new test point. Each
potential label is assigned to the test point, and hypothesis testing is performed under the assumption of exchangeability. If the computed score falls below g, the label is included
in the prediction set 7,; otherwise, it is rejected. Finally, conformal prediction provides two key metrics to assess the reliability of predictions: confidence, which measures how
likely the assigned label is correct, and credibility, which evaluates the ambiguity of the test sample compared to the calibration set.

4. Finally, for a new test sample X, we apply the scoring func-
tion as a measure of the similarity, typicality, or conformity
to the scores’ empirical distribution formed by the calibration
points. We include the label y!  if its score falls below § to
generate the prediction sets 7:

([(Xtest) = {Y{est : S(G(ﬂxtest))) < Q} (4)

5. The prediction sets for the new unseen samples 7 are guaranteed
to cover the reference value yj,, by following the probability
constraints below:
1= < P(3oq € WX oeo) S 1= a4 5 ®)

The probability highlighted in Eq. (5) indicates that on the long run, the
obtained sets will include the correct label on average, with a probabil-
ity of (1 — @)%. However, it is not possible to ensure adaptivity (Eq. (5)
does not hold for each new sample). Known as conditional coverage,
which is a stronger property compared to the marginal coverage in Eq.
(5), defined as:

P(rfst € TX est)| Xtest) 2 1 — ®)

In most cases, marginal coverage in Eq. (5) is achieved (Angelopou-
los and Bates, 2021), while Eq. (6) can only be approximated (Vovk,
2012a).

4. Datasets

Deep Nutrient Deficiency for Sugar Beet (DND-SB) dataset® (Yi
et al., 2020) is an open source dataset has been created to study how
well nutrient deficiency symptoms can be recognized in RGB images
of sugar beets. It contains 5648 images of sugar beet plants with
seven classes representing the type of deficiency as follows: unfertilized,
_PKCa, N_KCa, NP_Ca, NPK_, NPKCa, NPKCa+m+s. Where Nitrogen is
represented by (N), Phosphorus by (P), and Potassium by (K). (Ca)
refers to liming, _ stands for the omission of the corresponding nutrient
treatment or liming, and m+s indicates application of supplementary
mineral fertilizer and manure. Hence, class 1 in Fig. 4 refers to full
fertilization, class 5 as an example had no liming and supplementary
materials and class 2 unfertilized.

GrowliFlower dataset® (Kierdorf et al., 2023) is an open-source
dataset acquired in 2020 and 2021. It contains 14 K samples of
cauliflower plants with multiple modalities available, including RGB
and multi-spectral images. The dataset also includes a comprehen-
sive range of annotations, making it useful for computer vision tasks

3 https://github.com/jh-yi/DND-SB
4 https://phenoroam.phenorob.de/geonetwork/srv/eng/catalog.search#
/metadata/cb328232-31f5-4b84-a929-8elee551d66a
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Class 6 - ZR, PKCa

Class 0 - Not ready for
harvesting

Class 1 - Ready for
harvesting

Fig. 4. DND-SB -ZR stands for Zuckerriibe (sugar beet in German)- plants with light green on the left and GrowliFlower on the bottom right with dark green. We have
seven classes in the first one which is a representation of the nutrition deficiency detection task. In contrast, in the other dataset, we have a binary classification problem to decide

on plants’ harvest readiness. For more details check Section 4.

Table 2
Dataset Splits Summary.

Dataset Split DND-SB GrowliFlower
Training (I) 2976 6224
Validation and Calibration (G = C) 992 196
Calibration (A) 650 100
Validation (B) 342 96

Testing (E) 1632 194

such as classification and segmentation. This paper considers harvest
readiness as a binary classification problem, where class 0 indicates
not ready for harvest class. We choose images of four acquisition
days (23.08.2021, 25.08.2021, 30.08.2021, 03.09.2021) for which the
information about harvest-readiness is available. Samples from both
datasets are represented in Fig. 4.

5. Experiments

5.1. Experiment 1: Comprehensive evaluation of conformal prediction across
models, datasets, and ablation studies

This experiment examines ICP’s coverage validity and how it repre-
sents uncertainty through prediction set sizes. It explores the trade-off

between precision and coverage in tasks like cauliflower harvesting and
sugar beet nutrition deficiency detection. Higher precision can reduce
coverage, while a more conservative approach maintains coverage but
results in larger prediction sets. Balancing precision and coverage is
essential for effective decision support, and the quality of both the data
and model significantly impacts the size of the prediction sets produced
by ICP.

5.1.1. Experimental setup

For both datasets, The total samples D is divided into four subsets:
the training set /, the validation set G, the calibration set C, and
the testing set E.°> To evaluate the performance of ICP, we first split
the original validation set G into two subsets A and B where G =
Au B. A allocates samples for calibration and samples to evaluate ICP’s
performance are included in B and the final evaluation of ICP is made
on the entire testing set E.

5 Although some works use identical sets G and C, practically we should
use separate sets to avoid model exposure to data seen previously during
validation in case of hyper-parameter tuning. However, due to the lack of data
we follow the same approach, the entire validation set G is utilized as a final
calibration set C (G = C).
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Fig. 5. Empirical Coverage Distribution of ICP. The figure shows the convergence
of ViT-B/16 on the DND-SB dataset which demonstrates benign performance of ICP.

Table 3

Conformal prediction settings.
Setting DND-SB GrowliFlower
Calibration Samples (C) 992 196
Coverage (1 —a) (%) 90.0 80.0
Coverage Error (¢) (%) +1.60 +3.60
Coverage Probability (1 —8) (%) 90.0 90.0

All images are pre-processed according to the ImageNet (Krizhevsky
et al., 2017) pre-processing pipeline. First, they are resized to 256 x 256
pixels using bi-linear interpolation, then centrally cropped to 224 x 224
pixels. The pixel values are rescaled to a range between 0 and 1. Fi-
nally, they are normalized using mean values of [0.485,0.456, 0.406] and
standard deviations of [0.229,0.224,0.225]. DND-SB dataset is addition-
ally pre-processed by augmentation using random vertical, horizontal
flipping, and rotation by 45°, Random rotation is applied as an aug-
mentation technique to enrich the variability of both datasets to avoid
overfitting. Both datasets are split according to Table 2, and we en-
sure that classes’ distribution remains the same across splits by using
stratified splitting.

ResNet18 (He et al., 2016) and ViT-B/16 (Dosovitskiy et al., 2021)
are used and initialized by ImageNet weights for transfer learning, then
changing the classification head on top of each model’s encoder with
the proper number of output classes for each dataset. Both are com-
pletely unfrozen and fine tuned on both datasets by using cross entropy
loss as a loss function, with learning rate 0.0001 of Adam (Kingma and
Ba, 2014) optimizer, and batch size 32 with 500 epochs of training while
using early stopping technique with 50 epochs after which training is
stopped if no enhancement for validation loss occur.

For ICP, as mentioned in Angelopoulos and Bates (2021) 1000
calibration samples are proper number for most of the applications, and
they provide robust method that we can use to calculate the number
needed for to achieve (1 —a)% coverage probability with error ¢ and by
probability (1-5)% of achieving the desired coverage, Vovk et al. (2022)
show that (10/«) points are needed to ensure stable performance. Table
3 presents ICP settings used on our experiment. Finally the NVIDIA
RTX A4500 with 16 GB of memory was employed as our hardware
accelerator.

5.1.2. Coverage validity and prediction set types in conformal prediction
Results. To illustrate the flexibility of inductive conformal predic-
tion, we apply it to two different models across two distinct datasets,
each associated with different tasks. Both models achieved approx-
imately the desired coverage (80% for GrowliFlower and 90% for
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Table 4

Prediction set types for conformalized ViT-B/16 evaluated on the test set E. The
upper section shows performance on the DND-SB dataset, and the lower section shows
results for GrowliFlower.

Dataset Metric Singleton Sets Non-Singleton Sets
Total 1555 77

DND-SB Correct 1465 (CCPS) 33 (CUPS)
Incorrect 90 44
Total 180 14

GrowliFlower Correct 138 (CCPS) 7 (CUPS)
Incorrect 42 7

Table 5

Performance metrics. The upper section shows results for the DND-SB
dataset, and the lower section shows results for GrowliFlower.

- ViT-B/16 ResNet-18
DND-SB

AcCieq 91.8% 92.2%
Empirical Coverage 0.9013 0.9012
GrowliFlower

AcCieq 74.7% 71.1%
Empirical Coverage 0.8070 0.8073

DND-SB) on both tasks, as demonstrated in Table 3. The mean empirical
coverage is calculated as the mean value obtained by randomly splitting
the calibration and testing data 10* times. Furthermore, as mentioned
in Angelopoulos and Bates (2021), ICP’s proper implementation is
achieved when the mean empirical coverage closely approaches the
theoretical threshold and the distribution of coverage values is centered
around it for multiple random splits, as shown in Fig. 5.

ICP generates prediction sets, in case of classification the number
of combinations is 2¢. For GrowLiFlower we have four combinations
{¢} (empty set), {0}, {1}, and {0, 1}. While for DND-SB we have 128
combinations including the {¢} set. We refer to the sets with only one
element as Singleton sets, and the remaining types are Non-singleton. We
have three generic clusters for the outputs:

+ Correct confident prediction set (CCPS)
—@=y" Ay eTn|n=1

» Correct uncertain prediction set (CUPS)
—@=y" Ay €TAIMD

« Incorrect prediction

—P#EYAYED

Where the first one refers to the ability to ensure coverage while
representing high confidence regarding the output demonstrated by the
cardinality (size) of the set |7] = 1, the second type ensures coverage
but with uncertainty |7])1, and for the final one our prediction is
wrong. The size of the set represents the uncertainty of the prediction,
hence the correct confident predictions are singleton sets, while correct
uncertain predictions are non-singleton sets covering the reference
value or empty sets with no labels. Fig. 6 shows the three prediction
set types that can be produced by ICP.

Table 4 shows the performance of the conformalized ViT-B/16 on
both datasets, we get total singleton sets of 1555 and 77 empty sets
for DND-SB at the pre-defined coverage error ¢ = 0.1, with 1465
confident correct, 33 uncertain correct, and 134 incorrect predictions.
For GrowliFlower we have 138 singleton and 7 double element sets at
a=0.2.

Discussion. Coverage refers to the ability of the prediction set to
include the reference value and Miscoverage is the opposite. By selecting
a error level, the coverage is explained as (1 —a)% of the produced sets
for the new unseen samples will include the reference value. For CP the
coverage is Valid, to highlight the advantage of such characteristic we
calculate the percentage of incorrect prediction sets or sets that mis-

covered the reference value. From Table 5, we have % = 8.21%, and
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y* =3,(ZR,N.KCa)
j = 5, (ZR,NPKCa)
7= {5}

Fig. 6. Qualitative results for conformalized ViT-B/16 on DND-SB dataset. We present three cases: an easy case where the model confidently predicts the correct class with a
tight set (green), a difficult case where the prediction is correct but uncertain, resulting in a wider set covering other candidates (yellow), and an incorrect case where the model

misses the correct class (orange).

mis-coverage theoretical limit is « = 10% for GrowliFlower. This result
is only for one run, applying the law of large numbers by randomly
splitting the calibration and testing data 10* times, the mean empirical
coverage is around 90.13%, and mis-coverage is at most 10.0%.

CP is always valid mathematically, as mentioned by Vovk et al.
(2022). This means that over a long run, the percentage of empirical
errors (when applying the system in real world) at the pre-defined error
level a will be at most «, as represented by the previously calculated
error rate. This concept parallels calibration in machine learning, where
a well-calibrated model produces probabilities that accurately reflect
the true likelihood of the predicted event. Therefore, CP validity is akin
to calibration because the observed probability of errors — specifically,
the mis-coverage of the reference value in successive predictions —
closely matches the theoretical error rate a or the true likelihood.

We can refer to the valid marginal coverage guaranteed by CP in
Eq. (5)as marginal calibration (Gneiting et al., 2007), and it is defined
as follows:

T T
G 1m (L e tim [ L
w4g<T;@w0ﬂL£$<T§mwo, -

AX) = WMX), VX.

Where Q represents the Cumulative Distribution Function (CDF) of
the true data-generating distribution, % denotes the estimated or the
empirical CDF, and T signifies the number of steps or instances. To
achieve marginal calibration as indicated in Eq. (7), Q = W must hold
for all values of x.

From a theoretical perspective, Q can be shown as the true CDF of
the nonconformity scores, which is unknown in real life. W refers to the
empirical CDF. By replacing Q with the theoretical error rate «, and W
with the mean empirical coverage derived from multiple iterations of
random data splitting between calibration and testing phases, it can be
verified that CP is marginally calibrated. In other words, CP is valid
and ensures marginal coverage. Fig. 5 shows marginal calibration of
CP, as with more steps we notice that the empirical mean coverage is
converging to the theoretical value.

Marginally calibrated CP is probabilistically calibrated (Gneiting
et al., 2007) and can be verified as follows:

T
1
7 2 QW () = pYp 0.1, ®)
1=1
w! is the quantile function which is the inverse of empirical CDF,
and the true CDF Q is evaluated at quantile value generated by w™' at
the probability level p. Replacing p with (x) makes Q, be evaluated

on x, similar to the expression in Eq. (7), hence CP is marginally
and probabilistically calibrated. The validity/calibration ensured by
conformal prediction is distinct as it is applicable to real-world finite
datasets which allows for robust statistical error boundaries empirically
and not only theoretically dependent.

For cauliflower harvesting this illustrates that on average, 80% of
the prediction sets generated will have the true decision, validity at this
situation ensures reliability of the system as we know before hand that
the percentage of error accepted is 20%. Furthermore, the type/size of
the prediction set reflects how ICP handles the underlying uncertainties
propagated from model, data, or both. 138 CCPS cover the correct value
with high confidence regarding the label being added to the set, while
the 7 double element sets ensure coverage but with low uncertainty
for which the ML system must abstain and human close investigation
is required. The enhancements in decision support is significant as ICP
represents uncertainty in an interpretable and calibrated way with a
triggered signal that the data and/or the model need to be checked.

For DND-SB, the 1465 CCPS show that we are confident regarding
the deficiency type which enhances the decision regarding the treat-
ment needed allowing no harm to the soil due to excessive unneeded
fertilization. In contrast to GrowliFlower, at this error level 10%, we
have 33 empty prediction sets representing highly uncertain predictions
for which human intervention is required to decide for the type of
deficiency which is a safety feature by conformal prediction. For this
situation, the system is prevented to decide for the fertilization type
leading to no damage for the plants and soil.

In the next section, we analyze comprehensively the effect of ICP’s
parameters on its outputs for ViT-B/16 on both datasets. Starting by
checking conditional coverage, the effect of changing «, the number of
calibration points C, and the scoring function s.

5.1.3. Analyzing conditional coverage: Impact of alpha, calibration sam-
ples, and scoring function on prediction set validity

Conditional coverage assessment. We define coverage as being
valid/calibrated marginally, meaning it is averaged across all samples
and classes in our datasets as the quantile value 4 is calculated based on
the collective information in the calibration points without being based
or conditioned on specific group or class. However, we typically strive
for prediction sets that are customized for each individual sample,
in other words we aim for the validity to be conditional depending
on the information related only to this specific sample to ensure
higher reliability with tailored prediction set. The proposed metrics
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Table 6

Conditional coverage assessment of ViT-B/16.
Metric DND-SB GrowliFlower
FSC 0.87 (class 2) 0.78 (class 0)
SSC 0.94 (]7| = 1) 0.76 (7| =1)

by Angelopoulos and Bates (2021) are used to assess how close we
are to the theoretical limit 1 — ¢ as an approximation for conditional
coverage guarantee. The Feature-Stratified Coverage (FSC), and Size-
Stratified Coverage (SSC) metrics use the same equation shown below
but the application is different:

> iy e X}
eU,

Where G is the number of groups, |U,| represents the total number
of data points in each group g. Index i identifies each data point within
the group. The indicator function 1 evaluates to true if the reference
value y* is included in the prediction set 7, and false otherwise. For FSC,
features can be discrete or continuous and in our case we form different
groups based on the classes available for each dataset as images related
to same class share similar features. SSC, is forming groups based
on the size of the prediction set or in other words its cardinality.
If the minimum value across all groups is 1 — a for both metrics,
this indicates that conditional coverage is achieved approximately. A
greater divergence from it suggests a larger deviation from achieving
this goal.

For GrowliFlower, two groups are established due to the presence
of two output types: single and double element sets. Similarly, DND-SB
forms two groups, corresponding to singleton and empty sets, in line
with the predefined « for SSC. In the case of FSC, outputs are clustered
according to the number of classes in each dataset, resulting in two
groups for GrowliFlower and seven for DND-SB. Table 6 shows the
least empirical coverage for a group among different clusters, although
conditional coverage is approximated for both datasets, it is not fully
achieved as indicated by Eq. (6).

The metrics give intuition when the set is not empty and the correct
label is included, we consider other cases such as ICP settings for
DND-SB dataset. Empty sets means rejecting all classes at a predefined
error rate implies that no label is assigned for a given input. This is
considered advantageous when calculating the SSC metric, as it reflects
the framework’s ability to withhold output when confidence is low.
Similarly, when the prediction is incorrect, i.e., § # y*, having an empty
prediction set is beneficial as it prevents the framework from delivering
an erroneous output which is the case. In GrowliFlower settings, double
element sets indicate high uncertainty regarding the prediction. When
9 = y* and a non-singleton set is present, this situation reflects a correct
yet uncertain output, which is positively regarded in the SSC metric
calculation. If  # y*, the framework adopts a conservative approach
by including all possible labels to avoid producing incorrect outputs.

Conditional coverage guarantee ensures that ICP is covering each
group equally so no group suffers from under/over coverage which is
approximately helps to ensure reliability for each new instant. In case
of GrowliFlower, class 0 is under covered by 2.5% meaning that in real
life the prediction sets generated would miss the reference value for
class 0 by more than 2.5%.° As a consequence the decision regarding
non-harvesting is less reliable and is not calibrated with our pre-defined
value, at this situation we would harvest plants not ready for harvesting
which leads to loss of yield. In DND-SB under covered class 2 by 3.33%
leads to missing the liming deficiency which may damage the soil and
leads to improper treatment.

FSC=SSC: min 9
g&(l..

L
1,...G}) |Ug|i

6 The values presented in the Table 6 are only for one split between
calibration and testing data.
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(a) Effect of changing a on the prediction set cardinality. The
number of counts per set type is normalized.
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(b) Effect of changing the size of the calibration set C on the
prediction set cardinality. The number of counts per set type is
normalized.

Fig. 7. Comparison of the effects of changing « and the size of calibration set C
on the prediction set.

SSC shows that singleton sets for DND-SB over cover and in the
case of GrowliFlower under covers. The former case indicates that ICP
is conservative to control the error, however this lead to not being
Efficient/Precise/Optimal, while for the latter case ICP is precise instead
of controlling the error. We show in the next analysis the difference
between both by only analyzing ViT-B/16 on DND-SB as it has more
classes so the results would be sufficiently significant.

Effect of changing « and the size of calibration dataset C on the
prediction sets. As shown in Figs. 7(a) and 7(b) that increasing the
pre-defined error rate or in other words reducing the desired coverage
will reduce the multi-element sets and increases the empty sets. The
similar effect is observed for the number of the calibration points.

During testing, the scoring function estimates a score for each class
label and compares it with the calibration empirical distribution under
the assumption of data exchangeability which is a weaker assumption
compared to i.i.d., as it represents the permutation invariance of the
data/score’s joint distribution. This comparison essentially is a form
of hypothesis testing (Neyman and Pearson, 1933), where we test the
hypothesis of exchangeability of a new unseen input to the calibration
points (Vovk et al., 2022). Any score larger than § rejects the null
hypothesis, otherwise considered a candidate for the respective label,
and the label is added to the prediction set.
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Reducing «a increases § value assuming we have the same number
of the calibration points. From a mathematical point of view, as the
quantile splits the empirical distribution into two regions -typical and
atypical- the more the increase the easier for the new sample scores
not to reject the hypothesis of exchangeability and to be added to the
prediction set which gives rise to wide sets at the left region of Fig. 7.

Intuitively speaking, the implicit effect of increasing § could be
represented as adding more samples to the conformal region. The new
sample now is tested to a larger group of data points which makes it
easier to ensure similarity/typicality with the new group and difficult
to reject the hypothesis, and the framework adds multiple labels inside
the prediction set. While increasing « reduces the number of samples
that are considered typical, and make it harder for the new sample to
confirm typicality, as it is tested to a smaller group of points which
needs from the new testing point to contain features closer to the new
smaller group thus the model start to reject some labels’ scores.

The framework in the first condition is more conservative and less
precise, and in the second situation is the opposite. With increasing the
error rate, the model rejects all of the scores and generates empty sets
cause no label could make the new point exchangeable in other words
the new sample point lacks the features that make it similar to the small
group.

Increasing the number of calibration points C for the same pre-
defined error level increases 4. This makes it easier for the new sample’s
scores not to reject the hypothesis, and more labels are added to the
prediction set, leading to conservative behavior. Mathematically, if the
number of calibration points is only J = 10 and (1 — a) = 90.0% the
quantile value will be increased severely to 99.0% which makes our
system highly conservative.

Intuitively, at higher coverage levels (1 —a)%, the less data there is,
the more conservative the framework becomes. To achieve this level of
coverage, the system should include all labels because the low number
of samples creates a low chance for the new point to be typical to
each one of them, as a consequence ICP includes all of the labels. The
more we increase the number of samples, the better the framework can
construct typical clusters within the conformal region to compare the
new sample to, forcing the framework to reject more labels’ scores.

The variation of « and the number of calibration points C create a
trade-off between being precise and being conservative. In other words,
being conservative here means the framework is focusing more on
validity/calibration, which represents error control. The more conser-
vative the framework, the less error we have, but the less precise we
are which is useful when the goal is to avoid overconfident predictions.
Conversely, being precise/optimal is a demonstration of efficiency, as
in the case of singleton sets, which means we have a higher chance of
error in missing the reference value but this is the only set type that
is useful for taking a decision immediately without abstaining. Being
efficient means being sharp, as sharpness reflects the concentration
of the predictive distribution (Gneiting et al., 2007). It is always a
trade off as the sharper the ICP, the better it is conditioned on validity
restrictions. The behavior of ICP depends on how could we tolerate
being precise while controlling the error which relies on the nature of
the application.

Effect of scoring function S on the empirical coverage. The scoring
function is one of the important components of conformal prediction,
as it is the medium to transform the normal model to a conformalized
one. We keep the number of calibration points the same, and change
a to 0.02 for the generation of different prediction sets types. Eq. (2)
is the hinge loss (Rosasco et al., 2004) and used as a non-conformity
measure. We explore different scoring function which is the margin

loss, described as follows:
S(X,y) = max p—p,.. (10)
y#Ey*

Where p demonstrates the probability vector from softmax function,
maxy . is searching for the maximum difference in probability values
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Table 7

Effect of ICP’s scoring function S. The cardinality of the prediction set | 7| is shown,
and the mean empirical coverage is calculated over 10,000 runs with random splits
between calibration and testing.

|7 Metric Hinge Loss Margin Loss
1 Cardinality 1206 1394

2 // 241 188

3 // 119 45

4 // 42 5

5 // 22 -

6 // 2 -

- Empirical Coverage 0.9871 0.9681

- Mean Empirical Coverage 0.9819 0.9655

between the reference value’s probability p,. and other incorrect class
probabilities, in other words searching for the incorrect class with
the highest probability. If the value is negative or zero it implies the
framework confident regarding the new sample, otherwise it illustrates
uncertain situation.

Table 7 shows total number of each cardinality for 7 when using
each loss. We observe efficient or sharp behavior when using margin
loss compared to hinge loss represented by the increase in the number
of singleton sets and elimination of high order cardinalities. Further-
more, the empirical coverage is reduced by 1.9% as another sign of
becoming less conservative. Hinge loss only uses the reference class’s
probability, without considering how the remaining probability mass is
distributed among the incorrect classes. This approach tends to be more
conservative to ensure coverage. In contrast, margin loss provides more
insights into the distribution of other probabilities, making ICP more
precise.

In the next section, we investigate a case study at which ICP can be
used to check data issues, comparing models and controlling decision
support by including domain knowledge.

5.1.4. Case study

We conduct a focused investigation into its application for diagnos-
ing soil nutrient deficiency in sugar beet crops (DND-SB). Soil nutrient
deficiency arises when critical elements essential for plant growth are
depleted, compromising agricultural productivity and ecosystem stabil-
ity. These deficiencies are driven by intensive farming practices, soil
erosion, and inadequate land management, causing significant risks to
global food security (Food and Agriculture Organization (FAO), 2015).
This issue also contributes to broader challenges such as hidden hunger
(micronutrient malnutrition in humans) (Lowe, 2021) and environmen-
tal degradation (e.g., eutrophication and soil toxicity) (Mustafa et al.,
2023).

To simulate a realistic agricultural scenario, we consider the deploy-
ment of a machine learning model on an Unmanned Ground Vehicle
(UGV) tasked with detecting soil nutrient deficiency in sugar beet fields.
In this scenario, the model provides highly accurate point-wise predic-
tions but lacks confidence indicators, meaning that uncertainty is not
explicitly accounted for in the decision-support process. Without a mea-
sure of uncertainty, soil treatment strategies risk being suboptimal—
either missing critical nutrient deficiencies due to overconfidence in
the model’s predictions or applying excessive treatments unnecessarily,
leading to environmental and economic inefficiencies.

As demonstrated in previous experiments, ICP allows us to trans-
form the base model into a conformalized version, which provides
uncertainty-aware predictions while maintaining statistical guarantees.
In this context, the tuning parameter (a) plays a crucial role:

» A lower « value ensures a more conservative approach, increasing
coverage to avoid missing any necessary treatments.

» A higher a value makes the system more precise, prioritizing
only the most critical deficiencies while reducing unnecessary
interventions.
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Domain knowledge can be leveraged to fine-tune « dynamically,
ensuring a balance between precision and coverage based on real-world
agricultural conditions. By adjusting this threshold appropriately, ICP-
enhanced models can help optimize soil treatment strategies, improving
soil health and maximizing crop yield while minimizing waste.

Practically, for DND-SB:

« Problem in Class 4 (ZR, NP_Ca): - For both models on the DND-
SB dataset, class 4 has the largest average prediction set size. -
ViT-B/16 exhibits a higher average prediction set size (1.5784)
compared to ResNet-18 (1.5450).”

- Informed decision: We have detected a potential absence of
potassium, although our results are highly uncertain. Therefore,
we will refrain from treating the plant until further investigation
of the class 4 samples is completed, thereby reducing the risk of
soil mistreatment.

Model selection: - For other classes, ResNet-18 consistently gen-
erates wider prediction sets than ViT-B/16.

- Informed decision: We propose two possible explanations:

1. ResNet-18 is inherently less confident than ViT-B/16.
2. ViT-B/16 is overconfident compared to ResNet-18.

To analyze this behavior, we compute the Expected Calibration
Error (ECE) (Guo et al., 2017b) and find that ViT-B/16 is mis-
calibrated by 20.83%, indicating significant overconfidence (see
Fig. 8). In contrast, ResNet-18 is better calibrated even without
conformal prediction, computationally cheaper, and requires less
training data, making it the preferred choice.

Our simulated case study shows that conformal prediction not only
produces calibrated uncertainty estimates but also acts as a diagnostic
tool for individual data points and model selection—and it can be
easily tuned based on domain knowledge. The size and validity of its
prediction sets depend strongly on the quality of both the model and
the data. With high-quality inputs, conformal prediction yields smaller,
more accurate sets; with noisy data or a poorly fitted model, it expands
the prediction sets to maintain the desired coverage—a built-in safety
feature in real-world applications.

5.1.5. General discussion

In this experiment, we examine conformal prediction’s coverage
validity, calibration, and its representation of uncertainty via the size
of its prediction sets. We also evaluate the impact of its outputs on de-
cision support across various agricultural tasks. We present an ablation
study of ICP’s parameters, highlighting the trade-off between validity
and precision.

We stress the need for conditional guarantees and for a conformal
predictor that delivers both valid and precise prediction sets. We then
investigate a case study demonstrating how conformal prediction can
be used for decision support as well as for diagnosing data quality and
model performance.

5.2. Experiment 2: Evaluating inductive conformal prediction versus ensem-
ble learning and softmax for OoD detection and covariate shift

In this experiment, we evaluate ICP in real-world scenarios, focusing
on its performance under Out of Distribution (OoD) detection and
distributional shifts. We introduce two key metrics for ICP: confidence
and credibility. ICP is compared with deep ensembles and softmax
outputs, commonly used methods for uncertainty quantification, to
highlight their respective advantages and limitations.

7 The average set size is calculated for correct predictions only.
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Fig. 8. Reliability plot for different models. As shown in the figure, ViT-B/16
exhibits overconfidence across all confidence ranges compared to ResNet-18, which
demonstrates better calibration.

5.2.1. Uncertainty quantification tools

Deep Ensembles. Ensembling is a technique has been used to com-
bine multiple models to enhance predictive performance and reduce
over-fitting (variance), described by the following equation:

M
Faug00 = - Z; £ (X), an

where #,,,(X) is the final model obtained after averaging, #,(X) is
the mth model, and M is the total number of ensemble members.

Tackling epistemic uncertainty, as mentioned in Section 2, can
be achieved using BNNs. We obtain the posterior distribution of the
parameters by updating the prior with observed data. The posterior
predictive distribution is then generated from the parameters’ posterior,
and a prediction is made by calculating the expected value (Hiillermeier
and Waegeman, 2019).

Deep ensembles could be seen as an approximation to BNNs (Lak-
shminarayanan et al., 2017), where randomly initialized models com-
bined represents the approximate posterior parameters’ distribution
A0|D) for the true posterior 7*(6|D). Hence, the approximate predictive
posterior is calculated as follows:

M
Ay|X) = Y 76,,|D)%, (y1X). a2

m=1
Ay| X) is a result of element wise multiplication of A6,,|D) which is
the parameter’s posterior and Py, (y|X) the probabilistic output for each
model m. To make a point wise prediction, we search for the class with
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the maximum probability at A(y|X). Eq. (12) is a discretization of the
original predictive posterior whose quality is affected by the number of
members M.

Softmax outputs. A common approach to assessing uncertainty
involves analyzing the probabilistic output of the softmax function.
However, as highlighted by Guo et al. (2017a), this method can be
unreliable due to calibration issues. Softmax outputs also tend to ex-
hibit overconfidence (Lakshminarayanan et al., 2017), which hampers
effective uncertainty detection and quantification. Furthermore, soft-
max alone cannot capture epistemic uncertainty, which stems from the
model’s lack of knowledge or limited data (Gal and Ghahramani, 2015).

5.2.2. Evaluation metrics and experimental setup

ICP’s metrics. In addition to set size, we introduce two metrics that
have been proposed by Gammerman and Vovk (2007). We calculate
confidence and credibility for our conformal model while generating a
prediction for a new data point to assess the reliability. Confidence is
represented as follows:

Confidence = sup{l —«a : |7,| < 1}. (13)

Where sup{} is the Supremum of the prediction set 7which is the least
upper bound for which we can trust the prediction. High confidence
indicates that all other labels are unlikely except for the one included
in the set. However, confidence alone cannot reveal the sample’s ambi-
guity with respect to the calibration distribution. Credibility is needed
to fully understand the strangeness of the sample and it is calculated
as:

Credibility = inf{a : || = 0}, a4

being the greatest lower limit -Infmum. If we have low credibility this
signals a problem that needs to be investigated as it measures if this
sample is typical or not compared to the calibration samples while
confidence measures how accurate we are regarding our sets containing
reference value. According to Gammerman and Vovk (2007), if we have
confidence close to 100% and credibility more than 5%, the prediction
is reliable.

Ensemble’s metrics. We follow the same analysis by Shaker and
Hiillermeier (2021), Hiillermeier (2022) to calculate the total, aleatoric
and epistemic uncertainties for new unseen sample X, based on the
Shannon entropy #(Y) decomposition (Shannon, 1948) into Conditional
entropy and the Mutual information. The total predictive uncertainty is
estimated as follows:

L

FHrotal (X test) & = Z A1 X test) 1oy (A Y | X test)-
=1

(15)

Where Ay;|X.s) represents the probability of class / derived from
the predictive posterior. The minimum value is 0 which reflects total
confidence and the maximum is log,(L) showing complete uncertainty
regarding the new sample. While the aleatoric part is represented by:

M
}[Aleatoric(xtest) x = z ﬂ9m|D)X
m=1
L

D Py, (911 X res) 1025 (B, (111 X test))-
I=1

(16)

The equation shows the weighted sum of the entropy from each
model’s predictive distribution across the ensemble members M and it
is equivalent to the conditional entropy. Epistemic uncertainty, which
is equivalent to the mutual information, can be determined as the
difference between the total uncertainty and the aleatoric uncertainty:

}[Epistemic ~ :’{l"otal - }[Aleatroic (17)

For deep ensembles, we select the number of models to be five
which provides proper approximation while reducing the computa-
tional cost (Ovadia et al., 2019). The training data / is used to train
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all replicas, while ensuring random weights’ initialization and random
augmentation of data during model fitting. ResNet-18, batch size, pre-
processing pipeline, and the optimizer from Section 5.1.1 are used with
the same settings, and we conduct our study on DND-SB dataset. For the
computational demands we switch to NVIDIA A100 GPU with 40 GB of
memory as a hardware accelerator.

5.2.3. Out of distribution (OoD) detection

In dynamic real-world scenarios, rare events play a crucial role
in determining the confidence in our model’s decisions. OoD detec-
tion involves identifying samples that are semantically different from
the training data, which helps prevent false label assigning of such
data (Salehi et al., 2021). This process is crucial for assessing the
reliability and safety of our models. An essential method for evaluating
the quality of an uncertainty quantification technique is to observe
its response to these OoD samples. This response reflects the model’s
ignorance — expressed as high epistemic uncertainty — about these
points. In situations with high uncertainty, abstaining from making
predictions and seeking assistance from a human operator should be
considered.

The problem of OoD detection can be formulated as follows:

1D,
OoD,

When X, is declared the OoD detector assigns a score y to the
sample, if it greater than or equals r it is considered ID, otherwise it is
rejected and classified as OoD. For scoring we can use confidence, en-
tropy, or any function under the condition that it is able to differentiate
between the classes or to rank them differently. Hence OoD detection
can be treated as a binary classification problem, the only difference is
that we lack the reference values for the OoD samples.

We conduct an experiment by comparing the three methods trained
on the DND-SB dataset, with the GrowliFlower training data serving as
out-of-distribution data. The area under (Receiver Operating Character-
istics) ROC curve - (AUCROC) (Ling et al., 2003), confidence-rejection
and ID/OoD histogram plots are used to articulate the comparative
study quantitatively and qualitatively respectively. The number of the
OoD sample are 6224 which is the GrowliFlower training set, and for
the ID we have 1632 sample which is the testing set from DND-SB
dataset.

In our analysis, confidence is used as the scoring approach for
softmax and deep ensembles by taking the maximum probability value
from the output vector Ay = $|X) = max;Ay = I|X). For ICP,
we use the confidence from Section 5.2.2. We set ¢ € [0,1] as a
threshold to assess accuracy (rejection) at each value. Rejection curves
are then plotted against the confidence values for OoD samples only.
To qualitatively evaluate the separation between ID and OoD samples,
we use histograms to visualize the confidence distribution. Finally, for
the AUCROC metric, pseudo labels 1 and 0 are assigned to ID and OoD
samples, respectively.

Results. As shown in Fig. 9, deep ensembles demonstrate a better
separation of ID samples from OoD samples compared to softmax and
conformal prediction. While softmax outperforms ICP, both methods
lack explicit modeling of the epistemic component, leading to over-
confidence on OoD samples. The confidence-rejection plots provide
additional insights into each method’s sensitivity to OoD samples. The
y-axis represents the number of samples classified as ID, while the x-
axis shows the threshold 7 used to compare the generated scores from
the three methods.

In Fig. 10(a), we sweep over the 7 parameter, which corresponds to
confidence scores. When 7 € [0,0.4], all methods classify all OoD sam-
ples as in-distribution. Beyond this range, the deep ensemble demon-
strates a stronger ability to reject OoD samples compared to the other
approaches. For example, at = = 0.6, the ensemble rejects approxi-
mately 2700 samples, while softmax and ICP reject only 420 and 0,
respectively. Additionally, the steep slope of the ensemble’s rejection

if W(Xn+1) 2T

18
ifwX,, )<t 18
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curve indicates higher sensitivity to OoD samples, in contrast to softmax
and ICP, which only begin to respond at high confidence levels. This
delayed response could lead to severe consequences in high-stakes
real-world applications.

AUCROC in Fig. 10(b) evaluates how well each approach separates
ID and OoD samples, with the best value being 1 and the worst being 0.
The diagonal line represents random guessing, serving as the baseline.
Deep ensembles achieve superior performance with an AUC of 0.93,
outperforming both softmax and ICP. While softmax and ICP perform
better than the baseline, they exhibit limited ability to distinguish OoD
samples from in-distribution samples. For ICP, despite the advantage
of a sharp drop in coverage to 46.0%, which provides an additional
signal for assessing new input samples, its practical use is constrained.
This limitation arises because ICP requires estimating empirical cov-
erage over multiple samples, a scenario that is not always feasible in
real-world applications.

5.2.4. Calibration under distribution shift

Dataset shift can be rigorously defined, following Moreno-Torres
et al. (2012), as a discrepancy where the joint distributions of training
and test data are not equal, expressed as %4y (X, ¥) # Prest(X, ¥). Mul-
tiple types of shifts can occur, including Prior probability, Concept, and
Covariate shifts. This paper focuses on the latter, which is formulated
as follows:

iz:’train(ylx) = 2)test(ylx) but iZJtrain(X) # Ttest(X)~ 19

The above equation shows that this occurs when the functional rela-
tionship between the covariates X and the target y remains unchanged,
while the distribution of the input variables differs between the training
and testing samples.
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Qualitative comparison of ID/OoD separability. Deep ensemble on the left is performing better in identifying OoDs compared to softmax in the middle and ICP on the
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Results on GrowliFlower as OoD. Both figures show that deep ensembles outperform softmax and ICP in distinguishing out-of-distribution samples from in-distribution

We simulate covariate shift scenarios by altering the crop size at
the center of the image in the DND-SB test set. We compare the three
methods based on accuracy and coverage, prediction set size, and the
ratio of coverage to the prediction set size. We set a = 5.0% to match
the original calibration value. In the context of conformal prediction,
coverage is interpreted as (1 — a)%, meaning that this proportion of the
generated prediction sets is expected to contain the true label.

To create a comparable framework for softmax and deep ensembles,
we convert them into set predictive algorithms. Using the same «
for conformal prediction, we add each sample to the prediction set
if its generated probability exceeds the threshold. We then calculate
coverage by counting how often the true value appears in the prediction
set.

Results. As shown in Fig. 11, performance declines significantly at
smaller crop sizes, as all models struggle to identify classes due to the
substantial loss of visual information. Increasing the crop size preserves
more data context, leading to improved accuracy. Deep ensembles
demonstrate better performance under distributional shifts compared to
softmax and conformal prediction benefiting from its models’ diversity,
which enhances predictive performance.

We divided the range into three parts — high, mild, and low covari-
ate intensity — corresponding to the left, middle, and right sections of
Fig. 12(a). Under severe shifts, all models struggle to include the true
label due to significant loss of visual information. The deep ensemble
exhibits higher coverage than softmax and ICP, while ICP performs
poorly with a coverage value near 0, meaning almost no prediction set
includes the true label. When the shift is reduced all approaches are
able to have higher coverage till we reach the original one around the
original image size.

Coverage alone is not sufficient to explain the observed behavior;
therefore, we also analyze the sizes of the prediction sets in Fig. 12(b)
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Fig. 11. Accuracy during covariate shift. During severe shifts on the left-hand side,
all models perform poorly. However, when the shift is reduced and visual information
is restored, the deep ensemble outperforms the others.

generated by each method. While coverage indicates the calibration of
the approach, the prediction set size reflects its efficiency or precision.
An ideal approach would achieve the pre-defined coverage value with
minimal prediction set sizes, as discussed in Section 5.1.3.

Ensembles and softmax generate high cardinality prediction sets
under severe shifts because both are less confident, and the probability
mass is not concentrated around a specific class. This results in larger
prediction set sizes, enabling higher coverage rates. The distinction
between softmax and ensembles becomes apparent at the highest shift,
around size 25 x 25. Ensembles produce larger prediction set sizes,
indicating a better distribution of probabilities in this scenario, while
softmax shows overconfidence, reflected by smaller prediction set sizes
and lower coverage.

Examining ICP, we observe zero coverage with a very small cardi-
nality at size 25. This occurs because the current data is entirely differ-
ent from the calibration dataset, violating the cornerstone assumption
of exchangeability in conformal prediction. As the shift decreases, cov-
erage improves, and the prediction set size increases due to the higher
remaining uncertainty. When the shift is low on the right-hand side,
the prediction set size decreases as confidence grows, while coverage
continues to increase

In the low shift region, we observe increased coverage across all
approaches, accompanied by reduced prediction set sizes due to a better
probability mass distribution. Notably, both softmax and ensembles
achieve higher coverage at the image size 225 x 225, which is the
original size. However, this is misleading, as their wider prediction sets
increase the likelihood of including the true label, but the probability
distributions are not sharp enough.

For the complete picture we calculate and plot the coverage to
prediction set size ratio for each shift value in Fig. 13. As mentioned
before the ideal approach ensures coverage (calibration) while being
efficient (precise), in other words producing the smaller prediction sets
that includes the correct label (1 — a) times. From this figure we can
see clearly that at the severe shift region all methods suffer to achieve
both.

When the shift is reduced to a mild level, ICP and ensembles
outperform softmax, demonstrating a better ability to cover the true
label while producing smaller prediction sets. In the low shift re-
gion, ICP shows superior performance compared to both ensembles
and softmax, achieving smaller prediction set sizes that still include
the true label. This makes ICP preferable for making well-informed
decisions, as smaller prediction sets (singletons) allow for immediate
decision-making without abstention.
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5.2.5. General discussion

Overall, our results highlight the advantages of deep ensembles in
delivering robust uncertainty estimates, effectively detecting OoD sam-
ples, and maintaining strong performance under distributional shifts.
While softmax and ICP methods provide baseline performance, their
limited capacity to model epistemic uncertainty presents challenges
in agricultural scenarios such as crop classification, disease detection,
and yield prediction, where novel or changing conditions (e.g., new
diseases, weather anomalies, or unseen crop varieties) are common.

As shown in Table 8, ICP, in its basic form, struggles to handle OoD
data due to its core assumption of exchangeability between the test
point and the calibration samples. When this assumption is violated
under such shifts, ICP fails to provide calibrated uncertainty estimates,
limiting its practical utility in dynamic agricultural environments. Nev-
ertheless, it demonstrates an acceptable performance compared to the
other two methods during low distributional shifts.

ICP is computationally inexpensive during training and testing,
comparable to softmax, and offers the additional advantage of being
a post-hoc approach. This reduces the number of hyperparameters to
tune compared to deep ensembles while still providing calibrated un-
certainty estimates. However, ICP primarily focuses on total predictive
uncertainty without distinguishing its source, unlike deep ensembles.

Depending on the application context, different tools may be more
suitable. For instance, if real-time performance with calibrated esti-
mates is a priority, conformal prediction is an appropriate choice.
Conversely, in applications like active learning (Li et al., 2024), where
uncertainty quantification is used to improve model performance, deep
ensembles can offer robust performance on OoD data. Softmax remains
a simple and quick option, but its limitations must be carefully con-
sidered. In conclusion, selecting the appropriate uncertainty quantifi-
cation method depends on the specific requirements of the agricultural
application, balancing the trade-offs between computational cost, ro-
bustness to distributional shifts, and the need for calibrated uncertainty
estimates.

6. Remarks

While we demonstrate the effectiveness of ICP in uncertainty quan-
tification for agricultural applications, several frontiers for future re-
search remain. The key limitations are as follows:

1. Labeled calibration set: Conformal prediction provides statis-

tical guarantees but relies on a labeled calibration dataset. This
dependency presents challenges when calibration data is limited
in quantity or quality.
Promising solutions: Cross-conformal prediction (Vovk, 2012b)
offers an alternative when calibration samples are scarce. To ad-
dress the issue of poor-quality calibration sets, merging Bayesian
approaches to assess whether calibration points are drawn from
the same distribution as the training set could improve ro-
bustness. Additionally, Stutz et al. (2024) proposes a modified
framework for cases with uncertain ground truth labels.

2. Exchangeability assumption: Conformal prediction relies on
the assumption that new unseen points are exchangeable with
the calibration set. This limits its effectiveness in handling out-
of-distribution (OoD) samples and distributional shifts.
Promising solutions: From a theoretical perspective, Barber
et al. (2022) introduces modifications to improve robustness
beyond the exchangeability assumption. Adaptive methods ex-
plored by Angelopoulos et al. (2024) is promising and introduc-
ing conformal prediction as a risk control approach, offering a
more flexible framework applicable to diverse tasks while retain-
ing its core guarantees. Cabezas et al. (2025) combines bayesian
approaches with conformal prediction to tackle epistemic uncer-
tainty. Novello et al. (2024) investigates the link between OoDs
and conformal prediction showing that with modifications to the
scoring function, we can tackle such a problem.
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Fig. 13. Coverage/prediction set size ratio during covariate shift. ICP demonstrates superior performance compared to ensembles and softmax in the low shift region.

3. Uncertainty decomposition: Conformal prediction focuses on
total predictive uncertainty without distinguishing between data
and model uncertainty. This distinction is critical for tasks like
detecting data defects or selecting informative samples in active
learning.

Challenges: Theoretically, while the total predictive uncertainty
can be conceptually split into data and model components, Gru-
ber et al. (2023) highlights the unavoidable linkage between
the two. Hiillermeier and Waegeman (2019) emphasizes the
need to redefine aleatoric and epistemic uncertainties based on
the specific problem framework, as their definitions can shift
with changes in the setup. Furthermore, Hiillermeier (2022), de
Jong et al. (2024) demonstrate that common metrics struggle
to reliably distinguish between the two types of uncertainty.
Finally, Mucsanyi et al. (2024) shows that most existing methods
fail to achieve true separation.

Promising solutions: Mucsanyi et al. (2024) recommends task-
specific method selection to address these challenges. New met-
rics proposed by Hofman et al. (2024b), Kotelevskii and Panov
(2024) in the Bayesian framework show promise for better dis-
entanglement. Integrating conformal prediction with these ap-
proaches could enable uncertainty decomposition within the
conformal framework.

7. General practical implications for agricultural decision support

Inductive Conformal Prediction has significant potential in enhanc-
ing decision-making for critical agricultural tasks. By providing cali-
brated uncertainty estimates, ICP ensures robust error control across

diverse scenarios, such as optimizing planting schedules and man-
aging nutrient application. This reliability enables machine learning
models to deliver actionable insights with clear confidence indicators,
increasing stakeholder trust and reducing the risk of poor decisions.

One of ICP’s major advantages is its distribution-free nature, mean-
ing it does not rely on assumptions about the underlying data dis-
tribution. In real-world agricultural applications, data often follows
complex empirical distributions that cannot be adequately captured
by predefined models. ICP therefore stands in contrast to Bayesian
methods, which rely on prior assumptions and likelihood functions—if
the likelihood is misspecified, the posterior distribution may not reflect
reality.

Additionally, ICP is computationally efficient and model-agnostic,
making it accessible to users with limited computing resources, includ-
ing farmers. ICP enables reliable model democratization, allowing local
farmers to make informed decisions without expensive infrastructure.
Another key advantage is calibrated prediction intervals using limited
data. ICP reduces the need for large datasets while maintaining reliable
uncertainty estimates. In cases where recalibration is required due to
distributional shifts — such as daily weather variations or seasonal
changes — ICP can achieve predefined error levels with as few as
1000 labeled samples. This significantly lowers labeling costs. Finally,
ICP provides transparent and interpretable uncertainty representation,
which is particularly beneficial for users without deep statistical exper-
tise. For example, a prediction interval such as Harvest in5 + 2 days is
more intuitive than probability scores, making decision-making more
straightforward for agricultural practitioners.
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Table 8
Qualitative comparison of uncertainty quantification techniques.
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Method Model Agnostic Calibrated OoD Detection

Distributional Shift

Computational Complexity Inference Time Measured Uncertainty

Yes
No
limited

Yes
No
No

Limited
Yes
limited

Conformal prediction
Bayesian
Softmax

Yes
No

Limited

TU
TU, AU, & EU
AU

low
High
Low

Low
High
Low

TU: Total predictive uncertainty, AU: Aleatoric uncertainty, and EU: Epistemic uncertainty.

8. Conclusion

Our study demonstrates the potential of Inductive Conformal Predic-
tion (ICP) to significantly enhance uncertainty quantification (UQ) in
machine learning models, particularly within agricultural decision sup-
port systems. By converting point predictions into uncertainty-aware
outputs, ICP facilitates more reliable and informed decision-making,
which is crucial in high-stakes environments.

The model-agnostic, computationally efficient, and distribution-free
nature of ICP, along with its ability to provide calibrated uncertainty
estimates, positions it as a valuable tool for improving the safety and
effectiveness of machine learning applications across diverse domains.
Our ablation study emphasizes the need for a balanced approach when
tuning ICP parameters, particularly in managing the trade-off between
precision and conservatism.

The case study on the sugar beet dataset illustrates how ICP can
diagnose issues in data, models, or both, showcasing the importance
of domain knowledge in setting the confidence level (a). While ICP
shows acceptable performance under covariate shift, its limitations in
out-of-distribution (OoD) detection suggest that careful selection of UQ
methods is necessary based on specific application contexts.

Despite these limitations, our research highlights promising future
directions, including enhancing OoD detection, exploring uncertainty
decomposition, and refining the calibration dataset requirements. The
impact of conformal prediction on digital agriculture is particularly
notable, offering a straightforward, calibrated UQ model that can be
effectively utilized by agricultural practitioners. By promoting more
transparent and reliable Al-driven systems, our approach contributes
to advancing digital agriculture toward greater efficiency and sustain-
ability.
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Fig. 14. Epistemic uncertainty representation for GrowliFlower as OoD. The single
model exhibits overconfidence for 100% of the data, as indicated by the zero bin which
highlights the limitations of using a single model (softmax outputs) for OoD detection.
In contrast, the five members ensemble exhibits overconfidence for only 1.6% of the
data represented by the most left pin, a result of the coarse approximation to the true
model which could be enhanced by increasing the number of ensemble members.

Appendix

Table A.9 shows the performance of different models used in this
study. We do not observe significant performance when we use single
model against ensembles on the predictive performance. However,
the difference in the uncertainty estimates and the calibration. Fig.
14 demonstrates the ability of the ensembles to use the epistemic
uncertainty to show more uncertainty for OoD samples compared to
the softmax approach.

For OoD detection experiment, At normal conditions where we have
testing set from same distribution as DND-SB, we achieve average
confidence around 98% and credibility 44.45%. Hence, we trust the
predictions. While for GrowliFlower as OoD, we get 38.8% average
credibility and 97.7% confidence. The reduction in credibility by 12.7%
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Table A.9
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Performance metrics. The upper section shows results for the DND-SB dataset, and the lower section shows results for GrowliFlower.

Dataset/Metric ViT-B/16 ResNet-18 ResNet-18 ensemble (M = 5) ViT-B/16 ensemble (M = 5)
DND-SB

AcCieg 91.8% 92.2% 92.2% 86.9%

GrowliFlower

ACCieqt 74.7% 71.1% 69.6% 70.6%

is another sign that GrowliFlower samples are different compared to
DND-SB calibration samples. However, we aim to get credibility no
more than 5.0% for different datasets to reliably identify it as OoD.

We attempt to adjust by setting a at values of 0.005, 0.05, 0.5,
and 0.8, increasing the precision instead of controlling miscoverage
because, in this context, miscoverage loses its relevance when dealing
with an entirely new dataset/task observing an increase in null sets.
However, at the a« = 0.8 level, we are unable to completely eliminate
the singleton sets.

Data availability

I have shared the links for datasets, code will be available on
request.
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