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Abstract. Efficient and reliable operation of Concentrated Solar Power
(CSP) plants is essential for meeting the growing demand for sustain-
able energy. However, high-temperature solar receivers face severe op-
erational risks, such as freezing, deformation, and corrosion, resulting
in costly downtime and maintenance. To monitor CSP plants, cameras
mounted on solar receivers record infrared images at irregular intervals
ranging from one to five minutes throughout the day. Anomalous images
can be detected by thresholding an anomaly score, where the thresh-
old is chosen to optimize metrics such as the Fl-score on a validation
set. This work proposes a framework, using risk control, for generating
more reliable decision thresholds with finite-sample coverage guarantees
on any chosen risk function. Our framework also incorporates an absten-
tion mechanism, allowing high-risk predictions to be deferred to domain
experts. Second, we propose a density forecasting method to estimate the
likelihood of an observed image given a sequence of previously observed
images, using this likelihood as its anomaly score. Third, we analyze the
deployment results of our framework across multiple training scenarios
over several months for two CSP plants. This analysis provides valuable
insights to our industry partner for optimizing maintenance operations.
Finally, given the confidential nature of our dataset, we provide an ex-
tended simulated datasetﬂ leveraging recent advancements in generative
modeling to create diverse thermal images that simulate multiple CSP
plants. Our code is publicly availabldﬂ

Keywords: Deep Image Anomaly Detection, Risk Control, Irregular
Time-series, Non-stationarity, Concentrated Solar Power Plants, Density
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1 Introduction

The global transition toward greener and more sustainable renewable energy
sources is hindered by two critical challenges: (i) on-demand generation and (ii)
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dispatchability. Concentrated Solar Power (CSP) plants offer a promising solu-
tion, leveraging thermal energy storage to provide electricity even when sunlight
is unavailable. Among the various CSP configurations, central tower-based plants
are the most prevalent, using an array of mirrors to concentrate sunlight onto
a receiver, where a heat transfer medium absorbs and stores the energy. How-
ever, the extreme operating temperatures make these systems highly susceptible
to failures such as metal fatigue and tube blockages, directly impacting their
efficiency, reliability, and operational lifespan. To mitigate these risks, thermal
imaging from infrared cameras is used to monitor CSP plants. Nonetheless, the
sheer volume and complexity of thermal image data render manual monitoring
impractical, necessitating the development of an automated, data-driven Predic-
tive Maintenance (PdM) pipeline. This problem naturally aligns with anomaly
detection (AD), where the goal is to identify abnormal behaviours.

Despite significant progress in both deep and shallow AD research [20/32],
existing image- and video-based approaches fall short in addressing the prob-
lem of detecting anomalous behaviours of operational CSP plants due to three
key challenges. First, the lack of interpretability of the anomaly scores hinders
decision-making in high-stakes applications without an appropriate threshold-
ing strategy [28]. Traditional approaches rely on performance metrics such as
F1l-score or GMean to determine thresholds depending on the available labelled
samples. These methods do not guarantee that the results will remain consistent
in a deployment setting. Moreover, they assume that all CSP plants define risk
similarly and follow the same operational strategies. In reality, this often dif-
fers (e.g., deploying a maintenance team may be preferable to replacing a tower
component). Second, deep learning-based AD models are often perceived as un-
reliable [28] due to the uncertainty in predictions stemming from their inability
to properly estimate the decision boundary, particularly when training data is
limited. Thus, practitioners are hesitant to use the predictions even when the
associated uncertainty is minimal, severely limiting their adoption in real-world
applications. Also, unlike classical image- and video-based AD data, CSP plant
monitoring involves thermal images without semantic content, lacks a fixed frame
rate, and exhibits significant non-stationarity and temporal dependencies due to
pronounced daily seasonal patterns. As a result, conventional image- and video-
based anomaly detection methods are inappropriate. A recent forecasting-based
AD method, ForecastAD [24], attempts to address these challenges by measur-
ing per-pixel errors between predicted and observed thermal images. However,
reconstruction-based AD methods suffer a critical flaw: models trained on normal
data can inadvertently reconstruct and misclassify anomalous images as normal
[1022], leading to unreliable detection.

To overcome these limitations, we propose a principled, robust AD frame-
work tailored for CSP plant monitoring. First, we introduce a risk-controlling
thresholding strategy for anomaly scores that satisfies finite-sample performance
guarantees on any chosen risk function (e.g., false positive rate or Fl-score)—a
critical requirement for reliable predictive maintenance (PdM) in industrial set-
tings. To enhance trust and adoption, we integrate a machine-learning-with-
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abstention framework [27] with adaptive thresholds that account for the over-
lap between normal and anomalous score distributions. This approach defers
high-risk predictions to domain experts, ensuring human intervention when un-
certainty is high. Furthermore, we propose an AD method based on density
forecasting, DensityAD, which leverages conditional normalizing flows to model
the likelihood of an observed sample being normal, given past thermal images
and timestamps. This approach mitigates the limitations of reconstruction-based
methods and enables likelihood-based thresholding for more effective anomaly
detection. Our key contributions are:

— We propose a framework for computing reliable anomaly detection thresholds
with finite-sample performance guarantees for any chosen risk function. The
framework includes an abstention mechanism that defers decisions to domain
experts under high uncertainty.

— We develop an unsupervised AD method that computes anomaly scores using
density forecasting by estimating the conditional likelihood of an observed
infrared image given a sequence of previously observed images.

— We conduct an extensive deployment analysis of our framework across mul-
tiple real-world scenarios over several months, using data from two CSP
plants. This analysis provides valuable insights to our industry partner for
maintenance operations.

— We release a simulated dataset by leveraging recent advancements in gen-
erative modelling to create diverse infrared images that emulate real-world
data from CSP plants.

Our work not only advances the state of anomaly detection in renewable
energy systems but also serves as an important milestone for future research in
robust, data-driven PdM strategies for critical infrastructure monitoring.

2 Anomaly detection in thermal images from CSP plants
In the following, we describe our AD use case and the associated dataset.

Use-case. Concentrated Solar Power (CSP) plants are designed to harness so-
lar energy for large-scale electricity generation while addressing two major chal-
lenges commonly associated with renewable energy sources — on-demand gener-
ation and dispatchability. Among the four primary CSP technologies currently
in use, namely, Solar Tower, Parabolic Trough, Linear Fresnel, and Dish-Stirling
systems, this study specifically focuses on the operational aspects of Solar Tower-
based CSP plants. These plants comprise two critical components: the Ther-
mal Solar Receiver and the Steam Generator. Positioned atop a central tower,
the Solar Receiver functions as a solar furnace, absorbing concentrated sun-
light reflected by an array of heliostats—movable mirrors strategically arranged
on the ground around the tower. A high-capacity heat transfer medium, such
as molten salts, circulates through vertical heat exchanger tubes configured as
panels within the receiver, absorbing the thermal energy from the concentrated
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Fig. 1: Example of thermal images from CSP A and B.

sunlight. This heated transfer medium is subsequently stored in a Thermal En-
ergy Storage (TES) system. It is later used to generate superheated steam,
which drives the Steam Generator to produce electricity. Thus, the incorpo-
ration of TES enables the on-demand power generation capability of CSP plants
and positions them as viable alternatives to conventional fossil fuel-based power
plants. Despite their advantages, CSP plants encounter significant operational
challenges operating in extremely high temperatures. These challenges include
blockage or deformation of heat exchanger tubes, metal fatigue, and corrosion,
all of which can impact plant efficiency and reliability. Therefore, continuous
monitoring and real-time failure detection are crucial to ensuring uninterrupted
power generation and preventing costly system failures. In this study, we focus
on detecting failures and anomalous behaviours in the Thermal Solar Receiver.

Dataset. As previously discussed, the receiver consists of vertical heat exchanger
tubes arranged in panels through which the heat transfer medium flows. During
normal operation, the temperature of this medium increases as it moves through
the tubes, absorbing heat from concentrated sunlight. It results in a surface
temperature gradient along the flow direction, which is captured by infrared
(IR) cameras. In this study, our goal is to identify anomalous behaviours of
the solar receiver by monitoring these temperature gradients. The solar receiver
dataset used in this study consists of sequences of IR images taken at irregular
intervals ranging from one to five minutes throughout the day, with each sequence
corresponding to an operational day of the CSP plant. Notably, the dataset lacks
ground truth labels, as domain experts do not have prior knowledge of all possible
failure types, and anomalies are inherently unknown apriori. Each operational
day at the CSP plant comprises three distinct phases: (i) preheating, to prevent
molten salt from freezing, (ii) filling/draining, during which salt circulates at
the start and is drained at the end of the operation, and (iii) the power phase,
where the salt absorbs thermal energy for power generation. Each phase exhibits
a distinct surface temperature profile, which must be accounted for in modelling
to ensure reliable AD. For example, low surface temperatures are expected during
preheating, but the same behaviour during the power phase may signal a failure.

Building on prior work [24], we expanded the solar receiver dataset to include
data from two distinct CSP plants, referred to as A and B, for anonymity. Specif-
ically, we have access to 16343 samples from CSP A and 15181 from CSP B. Al-
though the dataset exhibits similar key characteristics—such as non-stationarity,
irregular sampling, and temporal dependence—certain differences exist across
the plants. Notably, the thermal image resolutions differ, with CSP A capturing
images of size 184 x 608 pixels, while CSP B captures images of size 196 x 528
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pixels. Furthermore, CSP B exhibits an inversion in the thermal flow direction
(left to right), whereas CSP A follow a right-to-left flow pattern. Examples of
thermal images for both CSP plants can be seen in Figure [T} To maintain con-
fidentiality, all thermal images have been normalized before analysis.

3 Background

Notations. We consider an unsupervised AD setting, where the training dataset,
denoted as Dy = {x;}}, consists of n unlabeled samples. Each sample z; =
(yi,t;) € X is a tuple, where X = R% x R, . The first component, y; € Y, rep-
resents a thermal image of dimension d = H x W, where H and W denote the
height and width, respectively, with ) = Ri. The second component, t; € R,
corresponds to the timestamp at which the thermal image y; was captured. Fol-
lowing prior works [31], we assume that the training dataset D predominantly
contains normal samples. Additionally, we introduce another labelled dataset,
Dr = {(xi,zi)}?jl, consisting of ng labeled pairs, where ng < n. Each label
z; € {0,1} indicates whether the corresponding sample is normal (z; = 0) or
anomalous (z; = 1). Furthermore, the dataset Dg is partitioned into three dis-
joint subsets: validation (Dy), calibration (D¢ ), and test (Dr).

Unsupervised AD. The goal of unsupervised AD is to estimate an anomaly
score function s(-) : X — R using Dy, such that normal samples receive lower
scores. A label (0 for normal or 1 for anomalous) is then assigned to a new test
sample z € X by thresholding its anomaly score:

. )0, ifs(z) <A,
¢ =hi@) = {1, if s(z) > A, M)

where h : X — {0,1} is the labelling function and A € R is a threshold to
be determined, whose optimal value depends on the proportion of anomalies in
the test set [26129]. However, since the true proportion is unknown in practice,
existing methods rely on test performance metrics to select a threshold A € A
from a set of feasible thresholds A C R. Commonly adopted approaches include:

— F1l-score [2]. The threshold Ar yields the highest F1-score:
= Fl— 2
Ar = arg max Score(Hy ), (2)
where Hy = {(h(x), 2) | (z,2) € Dy} and F1-Score computes the harmonic

mean of precision and recall.
— G-Mean [17]. The threshold Ag maximizes the G-Mean:

Ag = arg max G-Mean(Hy ), (3)

where G-Mean computes the geometric mean of precision and recall.
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Fig. 2: Tllustration of thresholds for AD with abstention under high (left) and low
(right) overlap in anomaly score distributions of normal and anomalous samples.

— Z-score. Let Sy be the set of anomaly scores for normal samples in Dy,
defined as Sy = {s(z) | (z,0) € Dy} with the corresponding mean and
standard deviation denoted by ps, and og,,, respectively. The threshold A,
is set k standard deviations above g, . Unlike Eq. [I} where the threshold is
applied directly to s(z), here it is applied to the z-scores, defined as s, (z) =

s(x)—psy,

For a comprehensive discussion on existing methods for selecting A\, we refer to
[26]. A key limitation of these approaches is that they do not account for uncer-
tainty when the anomaly score distributions of normal and anomalous samples
overlap, as illustrated in Figure 2] However, given the high-risk nature of AD
applications, it is essential to abstain from assigning labels under high uncer-
tainty. This allows domain experts to intervene, reducing the risk of incorrect
classifications and ensuring more reliable decision-making.

Unsupervised AD with abstention. To enable abstention from labeling un-
der high uncertainty, we augment the labeling function with an abstention label
(®) and introduce two thresholds (A\' and A"), reformulating h(x) as follows:

0, ifze€Cur Chor={2' €X]s(a) <A},
f=h(z)=141, ifzecCumo Cano={2'€X|s(x')>I\}, (4)
®, ifze Covs,  Cabs = {2/ e X | N < s(2') < A},

where C’nor is the normal prediction region, C’ano is the anomalous prediction
region, and Clbs is the abstention region, where the model refrains from making
a decision.

Figure [2 illustrates two examples of this decision-making process. The pa-
rameters A! and A" define the normal and anomalous prediction regions while
also regulating the abstention region, thereby controlling the abstention rate.

Ideally, the pair of thresholds (A!, \*) should adapt to the anomaly score distri-
bution, effectively capturing the overlap between normal and anomalous scores.
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A trivial yet uninformative approach is to set \! = —oo and A* = +o0, which
results in abstaining from prediction for all samples. We aim to propose a prin-
cipled method for selecting a reliable pair of thresholds.

4 Reliable Decision Thresholds for AD

Let us define a Risk-Controlling Prediction Set (RCPS) C), for a given threshold
A € A CR as follows:

Definition 1 (RCPS [6]). Let A € A be a random variable and R(-) : 2% — R
a risk function. The set Cy is defined as an («, §)-risk-controlling prediction set
if it satisfies the condition P(R(Cy) < a) > 1 — 6, where o € [0,1] is the risk
tolerance and § € [0, 1] is the error level.

One method for constructing an RCPS is conformal risk control, an extension
of conformal prediction (CP) [3] designed to control the expected value of a risk
function, assuming it is monotonically non-increasing with respect to a single
threshold A. However, this approach is limited to a single-parameter setting, as
in , and relies on a restrictive assumption about the risk function.

To overcome these limitations, we propose leveraging the Learn then Test
(LTT) procedure [4]. We consider the unsupervised AD problem with absten-
tion, as defined in . Our objective is to determine a pair of reliable thresholds
(AL, A") that define a RCPS C’(Al’)\h) = Chor U Cano With finite-sample coverage
guarantees for any given risk function R(-) : 2% — R (e.g., the false positive
rate). Additionally, we seek to adapt the abstention rate based on the complex-
ity of the risk function.

Our LTT procedure for reliable threshold selection. We propose an ex-
tension of the LTT procedure, denoted as xLTT, which generalizes the frame-
work to consider a pair of thresholds (A, A\") instead of a single threshold
A. The procedure begins by defining a set of paired threshold values, A =

{(/\l(a), )\}(’b)) |a,be{1,...,m}, )\l(a) < )\?b)}. Next, we define the null hypotheses

H; R,LC(C(AE_’A?)) > « for each ()\é.,)\?) e A je{l,...,|A]} and a € [0,1],
where R,.(-) : 2¥ — R is an empirical risk function computed on the cali-
bration set D¢. Accepting H; indicates that ()\é», )\?) does not control the risk.
To decide whether to accept or reject H; and thus verify whether the risk is
controlled for a given pair ()\é-7 )\?), we compute a valid p-value p; for every H;
using «. This is achieved via a concentration inequality (e.g., the Hoeffding-
Bentkus inequality [6]). Based on the set of p-values P = {p;}ject1,...,1a}, We
then select the threshold pairs for which the risk is controlled. Since multi-
ple comparisons increase the likelihood of false positives, a correction function
A: P — P with P C P is required to maintain the desired risk control.
For example, we define the set O = A(P) C A using Bonferroni correction as
A(P) = {(A5, Al | p; < ﬁ,pj € P}.If O =10, we set O = {(—00,00)}. Finally,

any pair (A, \") € O ensures that C(AL) any forms a risk-controlling prediction



8 Yorick Estievenart, Sukanya Patra, and Souhaib Ben Taieb (<)

set. This method enables the use of any risk function in a post-hoc manner (i.e.,
without requiring retraining of a given anomaly detector), making it particularly
valuable for AD in CSP plants with diverse and evolving requirements.

Optimal threshold selection for AD. Now that we have obtained the set
O of threshold pairs that control the risk, our next objective is to (1) avoid
trivial selections where A\! = —co and A" = 0o, and (2) minimize false positives
and false negatives while keeping the abstention rate as low as possible. Let
Ty ={i| z =1} and Zy = {i | z; = 0} be the set of indices for anomalous
and normal points, respectively. Z; are the predicted labels computed using ,
with i = 1,...,|Dy|. We propose selecting the optimal thresholds A\l and A" by
computing:

ALY

€112, =0 €Ty | 2, =1 | 2, =@
e w HETIE=Ol | HieDla=1 | [il5=2)
M ReO |Z: | |Zo| |Dv |

False Negative Rate (FNR) False Positive Rate (FPR)  Abstention Rate

Density-Based Anomaly Score Functions. Recent work [23] examined the
intrinsic connection between anomaly detection and conformal prediction, demon-
strating how insights from each field can mutually enhance the other. Building
on this perspective, we leverage recent advancements in CP [I3] to develop novel
anomaly score functions s(~ for the labeling function in . These score func-
tions are further integrated with the reliable threshold selection procedure xLTT.

Our framework is based upon an invertible, conditional generative model
(e.g., normalizing flows) §: V x C x Ry — Y, where V is a latent variable with a
known distribution and C is the space of the conditioning variable. We defer the
discussion of the exact model used to Section [5| Formally, §(§~*(y;c,t);c,t) =y
for any ¢ € C, y € Y and ¢t € R,;. The invertibility allows us to compute the
exact density f (y | e, t) via the change of variables formula. For a test observation
x = (y,t), and given §, we consider the following two approaches:

— DR-xLTT. The negative log-likelihood is the score function:

spr(z;c) = —log(f(y | c,t)). (5)

— L-xLTT. The second approach is based on an invertible model, following
the L-CP method introduced in [I3]. Unlike the output space ), we expect
the latent space V to be more structured, where normal samples are ideally
clustered near the origin. Consequently, in L-xLTT, we frame the decision-
making process as a one-class classification problem in the latent space.
Assuming the latent variable follows a standard normal distribution, we use
the ¢ distance of the latent representation from the origin as the anomaly
score for a test point x:

sp(z;e) = ||v||, where v = ¢ (y;c, ). (6)

5 Hereafter, the score function incorporates contextual information c.
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5 Density-based AD Model

The most recent AD model for CSP plants, ForecastAD, is a reconstruction-
based AD methods. However, prior research has shown that anomalies, despite
significantly different from normal data, can often be reconstructed in practice
[10]. For instance, in a bimodal distribution, the distance between the two peaks
is greater than the distance between a peak and the local minimum separating
them. In such cases, when a prediction aligns with one of the peaks, observations
near the local minimum exhibit lower reconstruction errors and thus are incor-
rectly deemed more likely [22]. Figurepresents examples of IR images that are
well reconstructed but are anomalous and exhibit empirically low density.

0.8
0.6 0.50 0.8
0.5 |
0.45 |, 0.6 06
0.4
0.4 0.40

Fig. 3: Well-reconstructed anomalous thermal images with empirically low den-
sity.

To overcome such limitations of reconstruction-based approaches, we in-
troduce DensityAD, an invertible generative model that directly estimates the
density of thermal images given the contextual information from past images.
DensityAD operates in two main steps: (i) concatenating the K preceding images
and their timestamps as a context vector ¢, and (ii) leveraging this context to
estimate the density of the current observation = = (y,t), i.e. f(y | ¢, ).

Context encoding. Building on [24], given a test observation z; = (y;,t;),
we construct a rich contextual representation ¢; for AD by encoding both spa-
tial and temporal information from the preceding K images. First, at each
time step t;_r, where k = 1,--- , K, the corresponding image y;_; is mapped
into a lower-dimensional latent space. Specifically, we define an image encoder
¢e(;We) + ¥ — V', which transforms images from the high-dimensional in-
put space ) into a lower dimensional latent space V' = Rd/, where d’ < d.
Then, to capture temporal dependencies, we consider two temporal features:
the inter-arrival time 7y = ;g — t;_(x+1), which represents the time elapsed
since the previous observation, and the relative time since the start of opera-
tion 7y;_r = t;—_r — to, which situates the observation within the broader oper-
ational cycle. These temporal attributes are encoded using a sinusoidal func-
tion ®(-). The final embedding for each data point (y;—k,t;—) is then con-
structed by concatenating the temporal encodings with the image embedding
as Gk = Pe(Yi—r; We) ® 7 (Ti—k) ® ¥y (vi—k). Lastly, to generate the fixed-
dimensional context vector ¢; at time step t;, the embeddings of the past K
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images are aggregated using a deep sequence model.

Conditional Normalizing Flow. The conditional PDF f(y; | ¢;,t;) of the cur-
rent image ¥;, given context c¢; at timestep t;, is estimated using a conditional
normalizing flow, specifically GLOW [21]. The invertibility property of normal-
izing flows [30JI6] enables exact likelihood computation, which is essential for
the threshold selection methods discussed in Section[d] To model f(y; | ¢;, ;), we
apply conditional invertible transformations g, mapping y; to a latent variable
v; as v; = g(yi; ¢, t;). The conditional log-likelihood is then computed using the
change-of-variables formula. For further details, we refer the reader to [21].

6 Experiments

Here, we compare the performance of DensityAD against existing baselines and
assess the efficacy of our proposed decision thresholds for risk-controlled AD.

6.1 Experimental Setup

Dataset. We use data from two CSP plants, denoted as A and B. The validation
set also serves as a calibration set. For the first data point of each day, both 7
and ~y are initialized to a small positive value, € = le-5.

Baselines. In our evaluation, we compare the performance of DensityAD against
deep image-based AD methods, specifically CFlow [14] and DREM [37]. To
extend the comparison to AD approaches that incorporate historical sequences
of observations, similar to DensityAD, we include a spatiotemporal autoencoder
(STAE) architecture [I5I12)34] and TimeSformer [9], a transformer-based video
classification framework, as baselines, along with ForecastAD [24].
Experimental details.To prevent numerical instability during training, images
are resized to 64 x 64, and we employ 3 flows per block across 5 blocks. The
model is trained using the Adam optimizer with a learning rate of 0.0001 and
a weight decay of 0.00001. Early stopping is applied based on the validation
AUPRP] maintaining a fixed balance between normal and anomalous samples in
the validation set during training to mitigate the impact of dataset imbalance.
The baseline models are trained following their published training setups. We
used TimeSformer as the encoder in an encoder-decoder architecture, using the
decoder from ForecastAD, and trained with a mean squared error loss. For the
decision thresholds, we use « = § = 0.1. We conduct an ablation study in Section
2 of the supplementary material on the context length K and the importance of
time embeddings 7 and 7. Based on the analysis, we opt for the sequence length
K = 30 and only consider 7 in DensityAD for modelling the temporal dynamics.

Evaluation metrics. We evaluate DensityAD using two primary metrics: the
AUROCE and the AUPR. Additionally, we assess the proposed thresholding

5 Area Under the Precision-Recall Curve (AUPR)
" Area Under the Receiver Operating Characteristic Curve (AUROC)
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Table 1: AUROC and AUPR performances of DensityAD against baseline meth-
ods. Style: best in bold, and second best underlined.

CSP|Model AUROC (%) 1 AUPR (%) 1
CFlow [14] 76.46 £ 0.92  70.32 £ 1.20
DRZEM [37] 81.55 £ 1.9 74.8 £ 2.79

A [STAE 89.47 £ 1.59  87.38 + 2.4

TimeSformer [9]| 87.8 £ 2.46 83.36 £ 3.15
ForecastAD [24]| 86.28 +£ 1.74  87.57 £+ 1.38

DensityAD 94.25 + 0.2 93.88 £+ 0.48
CFlow [14] 55.8 £ 5.47 57.56 £ 4.85
DRAEM [37] 78.82 £5.72  T71.75 &+ 8.56
STAE 89.9 £+ 1.18 88.98 £ 1.68

TimeSformer [9]| 88.59 + 2.14 89.84 £+ 1.29
ForecastAD [24]| 81.76 +£ 0.7  82.88 £+ 1.39
DensityAD 91.93 + 0.52 90.66 + 0.46

methods by reporting the risk, along with the Fl-score and the corresponding
abstention rate for two controlled risk measures relevant to our context: the
FPR and the Fl-score. These choices are not fixed—any risk function can be
selected to meet the specific requirements of a CSP plant. We also report these
risk measures for existing threshold selection methods. For all experiments, we
present the mean over three runs along with one standard error.

6.2 Results and Discussion

AD models. Table [I| presents the performance of DensityAD for both CSP
plants. The results indicate that DensityAD consistently outperforms all baseline
methods on both datasets. While STAE, ForecastAD, and TimeSformer perform
well, they still fall short of the performance achieved by our DensityAD.
Anomaly scores. Figure [4] shows the distributions of normal and anomalous
scores for test samples on CSP A, using the proposed scores, introduced in Sec-
tion (i.e., spr and s1,) and the reconstruction score sgrgc from ForecastAD. In
this example, spr and sggc scores effectively distinguish normal from anomalous
samples, as shown by the overlapping area (OA) between both distributions.
Anomaly threshold selection. Figure [5] provides an overview of the thresh-
old selection approaches. The results clearly show that the proposed methods
effectively control risk for both risk functions, whereas existing methods do not
offer such guarantees. The DR-xLTT methods demonstrate strong performance,
balancing risk control with a high F1l-score while maintaining a low abstention
rate. Notably, they outperform approaches that select the maximum validation
set value. Furthermore, these methods adapt to the complexity of the risk func-
tion, recognizing that controlling the F1l-score presents greater predictive chal-
lenges than the FPR. They also fully adjust to user requirements, increasing the
abstention rate when constraints are too stringent (e.g., attempting to control
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Fig. 4: Empirical score distributions of normal and anomalous test samples from
CSP A for our proposed score functions and the one used by ForecastAD, with
the overlapping area (OA) between both distributions in the top right corner.

Table 2: Total CPU time and memory used for training the models.
ForecastAD DensityAD
CSP A CSP B CSP A CSP B
Training time (s) 4151 £+ 327 2204 £+ 334 3760 £ 836 3248 £+ 411
Memory used (Gb) | 1.63 £ 0.13 1.73 + 0.05 1.73 £ 0.02 1.63 £ 0.02
Inference time (ms) | 194 £ 6.73 177 £ 1.44 | 201.3 £ 17.41 178 + 2.37

the Fl-score with a weak underlying model).

Computation requirements. The models are trained using a single NVIDIA
A100 GPU with 40 GB of memory, along with 8 CPU cores and 20 GB of
RAM. Table [2| presents the training times (excluding the risk-control), memory
usage and inference time for a single test point. As shown in Table 1} DensityAD
performs better than ForecastAD while using similar resources.

7 Deployment

We deployed our threshold selection methods using DensityAD on 5 and 6 months
of anonymized data from CSP plants A and B, respectively. Figure [6] presents
the thresholding results, where the FPR is used as the controlled risk. The re-
sults demonstrate that risk is effectively controlled in deployment, with DR-xLTT
emerging as the most consistent method across both CSP plants. All methods
maintain a low abstention rate, making them well-suited for deployment. Addi-
tionally, the deployment results align closely with those observed during testing.
Performance fluctuations across months can be attributed to variations in the
frequency and complexity of anomalies, with some months exhibiting a higher
occurrence or more challenging cases.

Figure[7] evaluates the performance of DensityAD in deployment under three
training configurations: training on CSP A, training on CSP B, and training on
a combination of data from both CSP plants. As expected, deploying a model
trained on a different tower results in a performance decline. Furthermore, train-
ing on data from both plants does not yield any performance improvement, sug-
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Fig. 5: Risk control over FPR (top row) and Fl-score (bottom row) for existing
and proposed methods. The risk is FPR (top row) and 1—-F1 (bottom row).

gesting that information from one tower does not generalize well to another.
Although thermal flow patterns are similar across CSPs, anomaly definitions
vary due to site-specific factors such as geographic location and operational con-
text. This limits cross-site generalization, indicating the need for per-site models
or fine-tuning. Future work could address this through domain adaptation tech-
niques. Although originally not designed for this purpose, DensityAD offers a
general framework that can be extended to multivariate time series anomaly de-
tection. In this work, we focus on its application to anomaly detection in CSPs,
where the anomaly score is computed and subsequently processed through a
thresholding mechanism. Finally, the results suggest that the proposed method
supports practical deployment by enabling control over operational risk. For
instance, it allows organizations to meet predefined detection targets—such as
identifying 90% of anomalies—thereby supporting compliance with regulatory
or performance requirements.

8 Simulated dataset

Building on the methodology described in [24], we construct a simulated dataset
to facilitate the reproducibility and validation of our results. DensityAD enables
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Fig.6: FPR control for the proposed approaches in a deployment setting over
multiple months, for the two CSP plants.
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Fig.7: AUROC and AUPR for the two CSP plants over multiple months using
three different training settings (i.e. training on A, B, and A + B).

exact likelihood computation while also allowing sampling from the learned dis-
tribution. Leveraging this capability, we generate high-quality samples using our
proposed density-based model. The dataset simulates two distinct CSP setups,
providing a valuable resource for advancing anomaly detection research in CSP
plants. Further details are provided in the supplement.

Due to transformations applied during anonymization, we assessed the re-
liability of the generated images by comparing the average daily temperature
profiles of both CSP plants. As shown in Figure [§] temperature levels during the
critical period (08:00 to 20:00) closely match between the simulated and origi-
nal datasets. Temperatures outside this interval, which are notably lower, were
regarded as trivial outliers and excluded from the simulated data.

9 Related work

Unsupervised AD. Based on the assumption of a “clean” training dataset,
i.e., containing only normal samples, unsupervised AD approaches have been
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Fig.8: Mean daily temperature for the original and simulated datasets. The
shaded area represents the 90% temperature interval.

proposed with the aim of training models that learn a “compact” representa-
tion of the normal behaviour. Then, anomalies are identified as deviations from
this learned normality. Existing methods can be broadly categorized into four
families [32]. First, both deep and shallow one-class classifiers [35I33] learn a de-
cision boundary around normal samples with classical methods such as support
vector data description. Second, feature embedding-based methods store or learn
normal data representations using pre-trained models [31I19] or student-teacher
networks [38I825]. Third, reconstruction-based methods use encoder-decoder ar-
chitectures to map normal samples into a lower-dimensional bottleneck and re-
construct them with high fidelity. Lastly, density-based methods estimate the
probability distribution of normal samples under the concentration assumption,
where anomalies are expected to be in low-density regions. For a comprehensive
survey, we refer readers to [20032].

Beyond image-based AD, prior research also investigated AD in videos (VAD)
[LIUT8YT], using historical sequences of observations to identify deviations. How-
ever, our setting differs in two key ways: (1) our IR images lack the semantic
content of typical video frames, and (2) our solar dataset is captured at irregular
intervals, while videos are captured at a fixed frame rate. Although [24] intro-
duced a forecast-based AD approach for CSP plants, it lacks a reliable selection
of AD threshold. Moreover, their study is limited to a single CSP plant, whereas
our setting involves multiple plants, introducing additional heterogeinity.

Anomaly detection thresholds. To assign labels, AD methods typically thresh-
old anomaly scores. Commonly used decision thresholds particularly relevant to
our use case involve optimizing performance metrics, such as the Fl-score [2],
G-Mean [17], or the area under the Precision-Recall Curve (PRC), on the valida-
tion set over a range of possible thresholds. Another class of methods builds on
conformal prediction (CP) [36], a distribution-free framework for constructing
prediction sets (e.g., those defined in our decision-making process) providing a
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finite-sample coverage guarantee. [7] introduces a method for computing con-
ditionally valid conformal p-values for nonparametric outlier detection, framing
the problem within a multiple hypothesis testing context. A key extension of CP,
named conformal risk control [B], shifts the guarantee from coverage to managing
any monotonically non-increasing risk function. The Learn then Test procedure
[4] further allows us to extend this concept to any risk function, irrespective of
its monotonicity, to generate risk-controlled prediction sets [6].

10 Conclusion

We introduced a principled and robust framework for anomaly detection (AD)
designed to monitor CSP plants using infrared imagery captured at irregular
intervals throughout the day. Our approach labels images as normal or anoma-
lous by first assigning an anomaly score using a model trained on an unlabeled
image dataset, followed by a thresholding procedure. To address the challenges
of unsupervised AD for CSP plants, our contributions are fourfold. First, we
proposed a framework for computing reliable anomaly detection thresholds with
finite-sample risk coverage guarantees for any chosen risk function while allow-
ing deferral to domain experts under high uncertainty. Second, to compute more
robust anomaly scores for an observed image, we developed a density forecast-
ing method that estimates its likelihood conditional on a sequence of previ-
ously observed images. Third, we conducted an extensive real-world deployment
analysis over several months across two operational CSP plants, providing valu-
able insights for industrial maintenance. Lastly, we released a simulated dataset
leveraging recent advancements in generative modeling, facilitating data-driven
predictive maintenance (PdM) for critical infrastructure. By enhancing the reli-
ability of renewable energy systems, our work supports the broader adoption of
sustainable energy solutions for a greener future.
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