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Abstract—Automatic fault detection and diagnosis (FDD)
are critical for maintaining reliable and efficient industrial
systems. However, conventional methods rely heavily on
manual inspections or threshold-based techniques, which
often fail to capture the dynamic patterns in time series (TS)
sensor data. As a result, faults persist for extended peri-
ods, leading to suboptimal system operations, increased
energy waste, and significant economic losses. This work
proposes a cross-modal framework that facilitates the effi-
cient deployment of state-of-the-art pretrained vision mod-
els for enhanced FDD, with two novel TS-to-image transfor-
mations: first, an adapter deep encoder that learns optimal,
task-specific representations from raw sensor data while
generating outputs that are input-compliant with pretrained
models. Second, an enhanced line plot that creates geomet-
ric shapes of two related signals. Comparative experiments
against fixed methods, including spectrograms, Gramian
angular fields, Markov transition fields, recurrence plots,
and five deep learning baseline models, showed substantial
performance gains across diverse domains. InceptionTime
achieved the highest average baseline performance with an
F1 of 88.6%, while the adapter and shapes achieved 94.4%
and 92.4%, respectively. The findings highlight the potential
of the cross-modal framework for FDD to facilitate early
intervention and efficient system maintenance in industrial
settings.

Index Terms—Cross-modal adaptation, deep learning,
fault detection and diagnosis (FDD), pretrained vision mod-
els, time series (TS), transfer learning (TL).

Received 27 October 2025; revised 13 January 2026; accepted 27
January 2026. This research did not receive any specific grant from
funding agencies in the public, commercial, or not-for-profit sectors.
Paper no. TII-25-7566. (Corresponding author: Jonne van Dreven.)

Jonne van Dreven is with the Department of Computer Science,
Blekinge Institute of Technology, 37179 Karlskrona, Sweden, also with
the Unit Water and Energy Transition, Flemish Institute for Technological
Research (VITO), 2400 Mol, Belgium, and also with EnergyVille, 3600
Genk, Belgium (e-mail: jonne.van.dreven@bth.se, jonne.vandreven@
vito.be).

Abbas Cheddad is with the Department of Computer Science,
Blekinge Institute of Technology, Karlskrona, Sweden, and also with the
Institute of Computer Science, University of Tartu, 51009 Tartu, Estonia.

Sadi Alawadi is with the Department of Computer Science, Blekinge
Institute of Technology, 371 79 Karlskrona, Sweden.

Ahmad Nauman Ghazi is with the Department of Software Engineer-
ing, Blekinge Institute of Technology, 371 79 Karlskrona, Sweden.

Jad Al Koussa and Dirk Vanhoudt are with Unit Water and Energy
Transition, VITO, Mol, Belgium, and also with EnergyVille, 3600 Genk,
Belgium.

Digital Object Identifier 10.1109/TII.2026.3659264

I. INTRODUCTION

INDUSTRIAL fault detection and diagnosis (FDD) are es-
sential for maintaining the reliability, safety, and operational

efficiency of modern infrastructure systems. However, as these
systems become increasingly complex and age, traditional FDD
approaches often fall short of meeting evolving diagnostic de-
mands. Typically, maintenance relies on manual inspections or
threshold-based techniques [1], which often fail to identify faults
promptly. As a result, faults persist for extended periods, leading
to degraded system performance and economic losses. For ex-
ample, district heating (DH) networks are highly susceptible to
faults [2], [3], with major cities, such as Copenhagen, estimating
that more than 50% of substations operate suboptimally [4].
This not only causes substantial energy losses, but a large faulty
substation can cost up to 100 000 Euros in extra pumping power
per year [5]. Against the backdrop of climate change and the
global push toward greener energy solutions, advancing robust
FDD approaches for systems like DH is more critical than ever.
Recent studies have explored transforming time series (TS) data
into 2-D visual representations using different methods, such
as Gramian angular fields (GAF) [6], recurrence plots (RP) [7],
spectrograms [8], and Markov transition fields (MTF) [6]. How-
ever, these methods rely on fixed, hand-crafted transformations
that might not capture the most informative features for the
downstream task.

While transforming TS-to-images has shown promise, exist-
ing approaches rely on fixed, hand-crafted mappings that are
agnostic to the downstream task. These transformations implic-
itly assume that a single predefined mapping is universally op-
timal, which is unlikely to hold across dynamic, heterogeneous
industrial systems and fault mechanisms. The term dynamic TS
refers to signals where temporal variations encode changes in
system states, operating conditions, or fault progression, rather
than assuming stationarity. In contrast, this work reframes TS-to-
image conversion as a learnable problem. Instead of designing
the transformation manually, our model learns a task-optimal
mapping (i.e., R2 plane mapping) that adapts to the data and
objective while remaining strictly input-compliant with pre-
trained vision backbones. This shift from fixed representations to
learned cross-modal adaptation constitutes the core contribution
of this article. Moreover, the proposed approach seamlessly
leverages the feature extraction capabilities of pretrained vision
backbones without requiring extensive retraining. This is par-
ticularly advantageous in engineering contexts, where acquiring
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large, labeled datasets is challenging. Although pretrained vision
models are ubiquitous in image processing, their cross-modal
adaptation to TS data in industrial FDD remains relatively
unexplored [9]. This work demonstrates, through four industrial
datasets, including real-world and lab emulations from various
domains (DH, oil, and bearing domains), that such mapping
reveals richer latent patterns and significantly improves sub-
sequent FDD performance. This cross-disciplinary perspective
suggests that the distinctions between data modalities might be
more flexible, opening new avenues for innovative solutions in
the TS domain.

The main contributions of this article are as follows.
1) A novel end-to-end trainable adapter framework that

converts raw TS into images optimized through a mul-
titask learning objective for industrial FDD.

2) A model-agnostic design: the adapter’s branch produces
exactly the dimensions required by any off-the-shelf vi-
sion backbone (e.g., ResNet, DenseNet, ViT) without the
need to modify its core.

3) A complementary fixed geometric-shape TS-to-image
transformation, serving as a strong competitor against the
adapter’s gains.

4) Comprehensive experiments on multiple industrial
datasets, covering DH, oil, and bearing domains, that
demonstrate consistent and substantial FDD performance
improvements.

The rest of this article is organized as follows. Section II
surveys industrial FDD and TS-to-image methods. Section III
details the proposed approach. Section IV provides the theory.
Section V describes the experimental setup and datasets.
Section VI reports the results. Finally, Section VII concludes
this article and outlines future work.

II. RELATED WORK AND RESEARCH GAP

Deep learning approaches for TS analysis have predomi-
nantly used architectures, such as convolutional neural networks
(CNNs) and long short-term memory networks (LSTMs), where
LSTMs [10] are adept in fault detection and forecasting due to
their capacity to model long-term dependencies in sequential
data. Meanwhile, CNN-based models have also proven effec-
tive by capturing local temporal patterns through hierarchi-
cal feature extraction, offering both computational efficiency
and robust performance in many TS applications [11]. Re-
cent studies have combined CNN and LSTM architectures to
harness both local feature extraction and sequence modeling
capabilities [12], while others have focused on cross-domain
adaptation [13]. These models remain the de facto standard
in industrial FDD [14], [15], [16]. Although these approaches
have emerged as robust methods, their exclusive reliance on
raw TS data may limit their ability to exploit richer, higher
level representations, such as images, that can capture more
nuanced and discriminative features. Earlier works to transform
TS data into image representations have introduced several
fixed methods. GAF [6] converts TS into polar coordinates and
computes a Gramian matrix, capturing temporal correlations as
texture-like images. RP [7] visually depicts the recurrence of

states within TS. MTF [6] represents the transition probabilities
between quantized values, thereby encoding the dynamic behav-
ior. Spectrograms [8] compute the short-time Fourier transform
of a signal to visualize how its frequency content evolves over
time. While these have been shown to enhance deep learning
performance in various domains [17], [18], [19], [20], [21], [22],
their reliance on fixed transformations may limit their ability to
capture the most discriminative features for a given downstream
application. More recent studies have demonstrated the potential
of leveraging visual representations for TS tasks. For instance,
Sood et al. [23] proposed an image-driven framework that con-
verts TS into visual plots and uses an end-to-end convolutional
AE to predict future images. Similarly, Semenoglou et al. [24]
introduced a method where univariate TS are transformed into
grayscale line plots and processed through end-to-end CNNs
to generate accurate point forecasts. Recently, Li et al. [25]
extended this paradigm to irregularly sampled TS by converting
them into line plots and fine-tuning vision transformers, demon-
strating robust performance.

Recent years have seen increasing interest in cross-modal
learning, including audio-to-image representations [26], text-
to-image, and learnable front-ends for speech and audio pro-
cessing [27], [28]. These approaches demonstrate that replacing
fixed signal representations with learned mappings can improve
downstream performance. However, such methods are typically
designed for specific modalities (e.g., audio spectrogram learn-
ing), jointly train both the representation and the backbone,
or target tasks fundamentally different from industrial fault
detection. In contrast, TS-to-image learning for industrial FDD
remains largely under explored, and there is a significant need
for improved TS-to-image representations [29], a gap that our
work directly addresses.

This work introduces two novel approaches: 1) a learnable
adapter deep encoder network that transforms TS into task-
optimal image representations and 2) an enhanced line plot
approach that transforms two related TS into geometric shapes,
thereby exploiting the inherent shape boundary structure de-
tection capabilities of pretrained vision models. Moreover, the
adapter’s output layer is designed to be input-compliant with
any existing pretrained (vision) model, enabling flexible integra-
tion with models like DenseNet. The proposed method thereby
reduces the reliance on extensive labeled datasets, addressing
a major limitation that often slows progress in engineering
applications, such as DH [30].

III. PROPOSED METHOD

This section presents the proposed framework for transform-
ing TS data into visual representations for industrial FDD,
detailing the implementation of the adapter deep encoder, fusion
strategies, and geometric shapes. A Schematic overview of the
proposed framework is shown in Fig. 1.

A. Shape Representation

The shape representation is an enhanced line-plot visual-
ization technique that encodes the relationship between two
paired TS as a closed geometric shape to explicitly capture
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Fig. 1. Schematic of the proposed learnable cross-modal adapter transforming TS data into a learned image representation for pretrained vision
models and FDD (classification).

Fig. 2. Architectural overview of the proposed FDD framework. The encoder maps the input TS to a latent code z with transpose-conv blocks,
from which three branches operate in parallel: (1) a decoder mirrors the encoder for TS reconstruction, (2) an adapter that maps z to a 7 × 7 × 128
seed, which is then progressively upsampled to a 224 × 224 × 3 image, and (3) a latent classification head enforcing discriminative structure.

dynamic interactions within a system. Dynamics are preserved
implicitly through temporal ordering and changes in the relative
magnitudes over time. The aim is to leverage the shape bound-
ary structure detection capabilities of pretrained vision models.
Suppose the supply temperature (Ts) and return temperature (Tr)
are available from a DH substation for a TS window of N time
steps. Then, the temperature difference (ΔT ), a key indicator
of operational irregularities [31], is represented as a geometric
shape, with height H and width W , using Algorithm 1.

B. Spectrogram Fusion

Spectrograms encode frequency components’ evolution over
time, thereby capturing nonstationary and transient dynamics of
the underlying system enabling vision models to detect periodic
and anomalous fluctuations that may indicate faults. To incorpo-
rate the interaction between two features, first generate individ-
ual spectrograms,S1(t, f) andS2(t, f), and then fuse them into a
single representation using Spectogram Geometric Mean fusion
(SGM), which preserves shared temporal–frequency structures
while suppressing modality-specific noise, using the following
equation:

Sgm(t, f) =
√
S1(t, f) · S2(t, f) (1)

Algorithm 1: Shape Modality.
Require: Paired, temporally aligned sequences
Ts = {si}Ni=1, Tr = {ri}Ni=1; image size (H,W )

Ensure: Shape image I ∈ {0, 1}H×W

1: Define horizontal coordinates xi =
i−1
N−1 (W − 1)

2: Compute value bounds:

vmin = min
i∈{1,...,N}

{si, ri}, vmax = max
i∈{1,...,N}

{si, ri}

3: Define vertical mapping y(v) = v−vmin

vmax−vmin
(H − 1)

4: Initialise empty vertex list P
5: for i = 1 to N do
6: Append (xi, y(si)) to P
7: end for
8: for i = N down to 1 do
9: Append (xi, y(ri)) to P

10: end for
11: Rasterise the filled polygon P into a binary image I

where t denotes the temporal index, f represents the frequency
index of the time–frequency representation, S1 and S2 are the
spectrograms for the first and second features, respectively,
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while Sgm represents the fused spectrogram. The fusion bal-
ances the contributions of both channels. Alternatively, a Spec-
togram Principal Component Analysis-based fusion (SPCA) can
be used to concatenate both spectrograms (S1 and S2) into a
feature vector, and project it into its first principal component as
shown in the following equation:

SPCA(t, f) = w�
[
S1(t, f)

S2(t, f)

]
(2)

where w indicates the weight vector corresponding to the first
principal component. Both fusion methods enrich the input for
deep learning models by capturing the interactions between the
two signals.

C. Adapter Deep Encoder

Rather than a fixed TS-to-image transformation rule, this arti-
cle proposes a trainable adapter deep encoder that 1) learns how
to preserve essential TS information in the latent code through
a multitask objective and 2) transforms input TS into the exact
image dimensions required by a subsequent pre-trained vision
model, thereby enabling zero-touch reuse of existing backbones
without further modifications. In practice, the encoder learns
the sequence dynamics, while the adapter branch handles shape
conversion of that latent code into the exact layout demanded by
an arbitrary backbone. Fig. 2 illustrates the overall architecture,
which comprises three main components: 1) an encoder, 2) dual
decoder components [TS reconstruction and image transfor-
mation (adapter) branch], and 3) a latent classification head.
The encoder compresses the input TS into a compact latent
representation that retains the essential temporal information for
the downstream task. It consists of four sequential convolutional
layers with increasing filter sizes (16,32,64,128) while progres-
sively reducing the temporal resolution of the input signal by half
(strides = 2) in each layer. The network incorporates several
regularization strategies to mitigate overfitting and ensure the
learned representations remain faithful to the input data. For
instance, each convolution layer is followed by batch normal-
ization, dropout (0.3) and LeakyReLU activation.

Furthermore, the adapter deep encoder uses a multitask train-
ing objective, which is a composite loss described as follows:

Ltotal = λrec Lrec + λtv Ltv + λcls Lcls (3)

where, Lrec, Ltv, and Lcls denote the reconstruction,
total-variation, and classification losses, respectively, while
λrec, λtv, and λcls are scalar weighting coefficients controlling
their relative contributions during training. The reconstruction
loss optimizes the mean-squared error, where x ∈ RN×D is
the input window (length N , D channels) and x̂ its decoder
reconstruction, then the loss is defined as

Lrec =
1

ND

∥∥x− x̂
∥∥2

2. (4)

The total-variation loss encourages spatial smoothness. Let
I ∈ RH×W×K be the adapter-generated image before it is fed

to the vision backbone, then

Ltv=
1

|Ω|K
H−1∑
i=1

W−1∑
j=1

K∑
k=1

∣∣Ii+1,j,k − Ii,j,k
∣∣+∣∣Ii,j+1,k − Ii,j,k

∣∣
(5)

where H represents the height, W represents the width,
K represents the number of channels, i and j represent
index pixel rows and columns, respectively, and Ω :=
{1, . . . , H−1} × {1, . . . ,W−1} and |Ω| = (H − 1)(W − 1).
Finally, the classification loss, e.g., fault detection, minimizes
the binary cross-entropy between the predicted probability
ŷ ∈ (0, 1) and the ground-truth label y ∈ {0, 1}

Lcls = −[
y log ŷ + (1 − y) log(1 − ŷ)

]
. (6)

For multiclass problems, such as fault diagnosis, it is replaced
by the categorical cross-entropy over the softmax output. During
backpropagation, all three terms are optimized jointly, forcing
the latent code to be simultaneously: 1) information-preserving,
2) image-smooth, and 3) fault-discriminative. After computing
the latent representation, a self-attention mechanism adjusts
features based on contextual interdependencies. Self-attention
calculates the pairwise similarity between latent elements,
producing an output emphasizing the most informative temporal
patterns when added residually to the latent features. The refined
latent representation is aggregated via global average pooling
and fed into the classification head. It comprises a sequential
stack of fully connected layers (64 and 32) to produce
a classification probability. In parallel, the reconstruction
branch (decoder) mirrors the encoder to upsample the latent
representation back to the original TS dimensions, ensuring that
the latent features preserve the essential information of the input
signal.

The adapter treats the latent code as a 2-D map with time along
one axis and channels along the other. Let T denote the reduced
temporal length after the encoder and C the latent channel
dimension, then the (T × C) tensor is expanded to (T × C × 1),
projected via a 2-D convolution to (T × C × Cp), where Cp is
the number of projection channels. The latent codes are resized
to a compact seed (e.g., 7 × 7), and successive upsampling
and convolution stages refine this seed into a 224 × 224 × 3
image that is directly compatible with the vision backbones.
This preserves temporal adjacency along one spatial axis prior
to projection and allows the learned projection to mix temporal–
channel information before upsampling.

Thus, this learned adapter module “plugs” seamlessly into any
off-the-shelf pretrained vision model without further modifica-
tion. Notably, the upsampling stage can be tailored to produce
outputs that match the specifications of any pretrained model,
thereby representing a universal adapter, enabling broad reuse
and consistent FDD gains across industrial settings. Finally, once
the adapter deep encoder FΘ is trained and frozen, applying
the FDD pipeline is straightforward: 1) slide an N -sample
window over the incoming TS, 2) map each window to a
224 × 224 × 3 image via FΘ, 3) feed the image to a fine-tuned
vision backbone g to obtain ŷ = σ(g◦FΘ) for fault detection or
ŷ = softmax(g◦FΘ) for fault diagnosis.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



VAN DREVEN et al.: LEARNABLE CROSS-MODAL ADAPTER FOR INDUSTRIAL FAULT DETECTION USING PRETRAINED VISION MODELS 5

IV. THEORETICAL ANALYSIS

The proposed learnable adapter is provably no worse, and
can be strictly better, than any fixed TS-to-image transforma-
tion. Given a TS window x∈RN×D and label y∈Y , a fixed
transformation is T : RN×D→RH×W×C . The adapter is the
learnable map FΘ, Θ∈RP , obtained after training. A vision
backbone g∈G is then fine-tuned on the frozen adapter outputs,
yielding the final predictor h = g◦FΘ. The population risk
is R(h) = Pr{h(x) �= y}, and Lp(X ) represents the space of
p-integrable functions f : X → RH×W×C on the compact set
X ⊂ RN×D, equipped with the norm

‖f‖Lp(X ) =

(∫
X
‖f(x)‖pF dx

)1/p

where ‖ · ‖F denotes the Frobenius norm.
Proposition 1 (Representation): For every exponent p ∈

[1,∞), every tolerance ε > 0, and every bounded continuous
map T : X →RH×W×C , there exist parameters Θ† such that
‖FΘ† − T‖Lp(X ) < ε.

Proof: A finite ReLU–CNN followed by a linear (1×1)
projection is a universal approximator on compact domains in
Lp (see [32, Thm. 1]). The adapter has exactly this form. �

Hence, every fixed transformation is a point in the hypothesis
space {FΘ}Θ. Then, the no-worse risk bound argument follows
immediately from the hypothesis-class inclusion

HT = { g◦T : g ∈ G}, HF = { g◦FΘ : g ∈ G,Θ}.
BecauseT is representable byFΘ† (see Proposition 1), it follows
that HT ⊆ HF and therefore

inf
h∈HF

R(h) ≤ inf
h∈HT

R(h). (7)

If a fixed transformation discards label-informative struc-
ture that some FΘ preserves, then the inclusion is strict,
as is the inequality in (7), i.e., the minimal achievable
risk under the adapter is strictly lower than under any
fixed mapping, matching the empirical gains observed in
Section VI.

The theoretical analysis establishes that a learnable TS-to-
image mapping with sufficient expressive capacity can approx-
imate task-optimal representations and is guaranteed to be no
worse than fixed, hand-crafted transformations. Importantly,
the theoretical analysis does not prescribe a unique network
architecture; rather, it motivates the use of a flexible, nonlinear
adapter with sufficient capacity. Guided by this insight, the
proposed adapter is implemented as a multilayer network with
progressive upsampling stages. This design ensures sufficient
representational power to satisfy the universal approximation
property in practice, while preserving spatial structure and
avoiding information bottlenecks prior to the vision backbone.
The number of layers and upsampling stages is chosen to
balance expressive capacity and training stability on limited
industrial datasets, rather than to maximize model complex-
ity. As a result, the proposed architecture preserves the the-
oretical guarantees while remaining practically efficient and
robust.

V. EXPERIMENTAL SETUP

The study consists of the following three experiments.
1) Experiment 1: Evaluates fault detection using three base-

line image modalities (line plots, spectrograms, and
shapes) combined with five pretrained models (see Sec-
tion V-B) to identify a robust vision model.

2) Experiment 2: Assesses fault detection performance
across seven image modalities (see Section V-A) on mul-
tiple industrial TS datasets (see Section V-C).

3) Experiment 3: Includes an ablation study to disentangle
the contributions of the proposed adapter, the backbone,
and pretraining.

4) Experiment 4: Investigates fault diagnosis capabilities by
testing the adapter, shape, and baseline approach using
Dataset I.

To provide an industrially grounded benchmark, this work
includes two end-to-end baselines that remain the de facto
standard in engineering and recent surveys [14], [15], [16]: 1)
an LSTM with an attention layer and 2) a hybrid CNN–LSTM
model. These baselines share the same convolutional inductive
bias as the learnable adapter and pretrained vision models, en-
suring that any performance differences reflect the TS-to-image
mapping framework rather than changes in backbone capacity,
and thus do not confound the experimental variable we aim to
test. For completeness, the baselines include state-of-the-art TS
models, including InceptionTime [33], MiniRocket [34], and
time series transformer (TST) [35], implemented from the TSAI
library [36]. Moreover, while learnable representations exist in
adjacent domains, such as audio-to-image or text-to-image, they
are not designed to learn task-aligned TS-to-image mappings
compatible with off-the-shelf vision backbones. To the best
of the authors’ knowledge, no prior work provides a directly
comparable baseline for the proposed setting, precluding a direct
baseline comparison. All experiments were run in Python 3.9.6
on a 2.6 GHz quad-core Intel Core i7 machine with 16 GB of
RAM. The training configuration for the baselines and adapter
uses Adam with initial learning rate = 0.001, batch size = 32,
epochs= 100, with early stopping (patience= 8), and seed= 42.
The adapter uses composite loss weights λrec = 0.5, λtv = 0.1,
and λcls = 0.4. Fine-tuning the vision backbone uses a learning
rate=0.001 and 20 epochs. Settings remain consistent across ex-
periments and datasets. All baseline methods were implemented
using publicly available reference implementations or official
repositories. Unless stated otherwise, the recommended default
hyperparameters provided by the original authors were used.

The data are partitioned using stratified fivefold cross-
validation (seed = 42): 80% for train/validation (80/20 within
fold) and a disjoint 20% hold-out test set. The hold-out set is only
used for assessing model performance. This work reports the
average and 95% confidence interval (CIs) of precision, recall,
F1, area under the receiver operating characteristic curve (AUC),
and precision–recall curve (PRC).

A. Image Modalities

This study deliberately uses a representative set of fixed
mappings (i.e., image modalities) that 1) are widely adopted in
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Fig. 3. Examples of TS transformed into different image modalities for faulty and normal operation scenarios.

the literature [37], [38] and 2) each emphasizes a different aspect
of the signal; therefore, our evaluation spans a broad range of
dataset characteristics. The different mappings are listed below
and illustrated (except for line plots) in Fig. 3.

1) Line plots (standard): Render the raw sensor trace versus
time, preserving amplitude and temporal patterns.

2) GAF: Encodes long-term temporal correlations, such as
slow thermal drifts and gradual baseline shifts.

3) RP: Marks when the system returns to prior states (e.g.,
bearing rotations become visible).

4) MTF: Highlights regime changes or gradual Markovian
shifts in process behavior (e.g., load changes).

5) SPCA: Reveals broadband vibration events and transient
bursts; the fused spectrograms further combine comple-
mentary channels to capture multisensor interactions.

B. Transfer Learning (TL) of Vision Models

This work employs five pretrained deep learning ar-
chitectures, comprising both recent state-of-the-art models
and well-established models, as the classification models:
DenseNet121 [39], ResNet18 [40], EfficientNet-B0 [41], Mo-
bileNetV3 [42], and ViT-B16 [43]. Each vision model has been
pretrained on a large-scale image dataset (e.g., ImageNet) and
fine-tuned on the FDD task, i.e., using TL. Specifically, the
output layer is replaced with a fully connected layer for clas-
sification, with a sigmoid for fault detection and a softmax for
fault diagnosis. Then, the pretrained weights are fine-tuned on
the TS-derived image modalities.

C. Dataset Description

This work uses four distinct datasets to validate the effec-
tiveness of the proposed framework across different industrial
application domains. All TS inputs are processed using stan-
dard preprocessing practices. The signals are segmented into
fixed-length windows (e.g., 288 samples for daily temperature
profiles), ensuring equal-length inputs for the model. The paired
streams, such asTs andTr, are assumed to be temporally aligned,
as provided by the datasets used in this study. Missing values,
when present, are handled using linear interpolation to ensure

fully defined inputs. Furthermore, min–max normalization is
applied jointly to the paired TS to stabilize training and preserve
the relative relationships between paired signals.

1) Datasets I.A & I.B (confidential): A multisource real-
world dataset from a DH network in the Shandong
Province, China, that spans one month, sampled at 5-
min intervals (8928 points per sensor). Each substation
measures flow (Q), supply temperatures (Ts), return tem-
peratures (Tr), and derived features, such as temperature
difference ΔT or energy consumption (E). It captures
fault events under actual operational conditions, reflecting
the noisy challenges encountered in field deployments.
Approximately 32% of substations are in normal opera-
tional, and 68% are faulty, including (12.5%) high heat
curve (HHC), (25.0%) wrong sensor placement (WSP),
(6.3%) large valve (LV), (6.3%) wrong valve setting
(WVS), and (18.8%) large secondary leakages (LSL).
Dataset I.A contains 5-min measurements, and Dataset
I.B is a resampled version at 15 min. Both are segmented
into daily windows.

2) Dataset II [44] (confidential): A dataset of controlled
laboratory emulations of a residential building to provide
reliable ground-truth information for method validation.
It includes one normal operational scenario and five
fault scenarios, each lasting two weeks. Sensor mea-
surements are similar to Dataset I but collected at 10-s
intervals (120 960 points per sensor). Dataset II is re-
sampled to a 5-min interval and segmented into daily
windows.

3) Dataset III [45] (public): A dataset of real-world mul-
tivariate TS collected from an oil production system,
with a 15-min interval for two years (70 080 points per
sensor), from two regions in China. The continuous oil
temperature (OT) signal, segmented into daily windows,
is transformed into binary fault labels (roughly 43%–57%
split) by computing daily average OT values and compar-
ing them against the overall average. High useful load
(HUFL) and low useful load (LUFL) are employed as
predictors, with the final predictor defined as the differ-
ence between HUFL and LUFL, analogous to ΔT .
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Fig. 4. Comparison of pretrained vision models on Dataset I: for each
modality (rows), the ROC curve (left), and PRC (right) are shown with
95% CI. Gray dotted diagonal represents a random classifier.

4) Dataset IV [46] (public): A dataset that offers comprehen-
sive test data on ball bearings under normal and fault con-
ditions. This study focuses on the fan-end vibration sig-
nals, classifying between bearings with 0.007-inch (four
tests) and 0.014-inch faults (four tests), thereby providing
a more challenging benchmark. Data are collected at
12 000 samples/s (121 168 points per test) and segmented
into consecutive 288-sample (≈ 24 ms) windows.

VI. RESULTS AND DISCUSSION

This section presents the results from the four experiments
outlined in Section V. Experiment 1 compared the vision mod-
els, Experiment 2 benchmarked the best vision backbone on
four industrial datasets, Experiment 3 analyzed the contributions
of each component, and Experiment 4 investigated the fault
diagnosis capabilities.

A. Experiment 1: Impact of Vision Models

This experiment aims to evaluate the capabilities of various
pretrained vision models when transferring their knowledge to
a new target task that has never been seen before. Rather than
selecting a definitive “best” model, this experiment aims to
identify a model candidate that demonstrates robust performance
across various complex visual representations for subsequent
evaluation in Experiment 2. Fig. 4 shows the AUC and PRC
for each selected image modality on Dataset I. Meanwhile,
Table I summarizes the individual performance metrics. The
regular spectrograms showed moderate performance across

TABLE I
PERFORMANCE ACROSS VISION MODELS WITH 0.5 THRESHOLD ON

DATASET I

the tested vision models. For instance, ResNet18 achieved the
highest precision (73.0%), while MobileNet had the highest
recall (69.2%). However, the relatively wide CI and low AUC
suggest the models had difficulties generalizing across folds,
possibly due to variability in the spectrogram patterns or
limited discriminative features captured by this modality. While
spectrograms encode helpful information, they may not be
sufficiently robust on their own, and the results warrant further
investigation into fusion strategies. The subsequent experiments
explore the geometric mean and PCA fusion of two spectrograms
as a potential approach to combine complementary information
from different spectrogram signals. This fusion may better
consolidate transient and steady-state features, possibly
yielding improved robustness and detection accuracy in the
fault detection tasks. The line modality showed intermediate
performance comparable to spectrograms, indicating that
simple line plots capture some temporal dynamics needed for
fault detection. By optimizing the threshold to maximize the
F1, the line plot modality achieved with DenseNet a precision
of 76.3%, a recall of 94.1%, and an F1 of 84.2%. These results
indicated that the method is effective at identifying actual
faults (high recall) while maintaining a reasonable rate of false
alarms (as indicated by the precision). However, compared
to shapes (optimal F1 95.7%), they lagged in performance
with a large effect size (T = −22.63; p < 0.001; d = 14.31).
The shape modality demonstrated a substantial performance
increase across all tested vision models. DenseNet achieved the
highest precision of 87.9% and an AUC of 0.977, significantly
outperforming its lightweight counterpart, MobileNet (which
achieved a precision of 69.9% and AUC of 0.925). Notably,
MobileNet showed a large CI, indicating considerable
variability in performance across folds. While ResNet and
EfficientNet performed similarly, the differences were still
notable, as indicated by moderate effect sizes in the F1,
ResNet (d = −0.87) and EfficientNet (d = −0.38). In addition,
EfficientNet showed high variance across folds, while ResNet
exhibited a broader CI in its AUC, particularly at lower
thresholds. Even though the performance is largely comparable,
DenseNet still maintains a measurable advantage. Interestingly,
in contrast to [25], where directly converting TS data into line
plots resulted in excellent performance, this work encountered
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Fig. 5. Comparison of image modalities on each dataset. The shaded area is the 95% CI, and gray dotted diagonal represents a random classifier.

degraded performance. Instead, transforming the TS into
shape-based modalities proved more effective. Furthermore,
regardless of the underlying transformation, DenseNet, ResNet,
and EfficientNet consistently ranked the highest among the
architectures evaluated. These results likely stem from the
inherent architectural advantages of the deep convolutional
networks, which are highly effective at capturing local spatial
patterns from the input images. On the other hand, MobileNet,
being a lightweight model, may not possess sufficient capacity
to extract the detailed discriminative features required for
fault detection. Moreover, the underperformance of the vision
transformer (ViT-B16) can be attributed to its greater data and
training requirements; transformers typically demand larger
datasets and longer training durations to fully exploit their
capacity for learning global representations [43], conditions
that were unmet in the available industrial datasets.

B. Experiment 2: Impact of Image Modalities

This experiment continued with DenseNet on four distinct
datasets using the image modalities as outlined in Section V-A.
Table II and Fig. 5 present the results categorized per dataset. The
baselines in Dataset I.A (see Table II and first column of Fig. 5)
achieved moderate performance. Consistent with Experiment 1,
the transformer-based architecture, TST, underperforms on all
datasets except Dataset II. Given its data demands, even with
reduced capacity or stronger regularization, it tends to overfit in
small-sample engineering regimes, yielding poor generalization.
We report these results for completeness but do not discuss them
further. InceptionTime reached the highest baseline performance
with an F1 of 88.4%. In contrast, the proposed adapter method
dramatically improves performance, yielding a precision, recall,
and F1 of 99.1%, misclassifying only a few cases. Consequently,
the shape modality also demonstrates strong performance with
an F1 of 95.7% and AUC of 0.977. These metrics suggest that
the supply and return temperatures in DH systems manifest as
distinct geometric patterns that are highly discriminative for
fault detection. In contrast, under normal operation, the return

temperature remains relatively stable. This results in unique
“shapes” in the visual representation that the model can reli-
ably associate with faults. Conversely, the fixed transformation
methods consistently underperformed relative to the adapter
and shape methods. Notably, Spectrogram fusion (taking the
lower end fusion SPCA) significantly enhanced performance
with a large effect size compared to the regular spectrogram
(T = 4.47, p = 0.002, d = 2.83). This suggests that the fusion
of complementary spectral information effectively enriches the
feature representation, thereby improving the model’s discrim-
inative capabilities. Moreover, despite Dataset I.B being sam-
pled at 15-min intervals, the adapter and shape transformations
maintained robust performance (second column of Fig. 5). In
contrast, the performance of all alternative methods degraded
significantly. This observation suggests that the learned transfor-
mations are more adept at capturing the subtle fault patterns in
DH data across varying temporal resolutions, thereby enhancing
reliability in fault detection. Finally, Dataset II was used to
validate the methods on known ground-truth information from
physical lab experiments [44]. All methods demonstrated strong
performance on this dataset (third column of Fig. 5), with most
achieving F1 above 90% and high discriminative power (high
AUC). These results indicate that the transformation techniques
reliably capture the distinct thermal anomalies associated with
faulty substations, thereby supporting their use for fault de-
tection. Moreover, the methods were further evaluated on two
different application domains: oil (Dataset III) and bearings
(Dataset IV). These datasets exhibit different signal characteris-
tics and noise profiles compared to the DH data, thereby provid-
ing a robust test of the model’s adaptability. For Dataset III, as
observed in the fourth column of Fig. 5, the baseline models
exhibit moderate performance. MiniRocket yielded an F1 of
81.0%; however, with a lower precision of 77.2%, suggesting
more false positives and being biased to predict the positive class
too often. In contrast, the proposed adapter reached a higher F1

(82.1%) with a large effect size (d = 0.93), and better balanced
precision and recall (83.7 and 81.9, respectively). Moreover,
the shape modality also performed competitively, with an F1 of
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TABLE II
OPTIMAL PERFORMANCE ACROSS DATASETS AND METHODS

81.6%; however, it achieved similar precision to MiniRocket.
Notably, the RP modality achieved an F1 of 78.2%, similar
to the baselines and higher than the second-best fixed method,
SPCA, which yielded an F1 of 75.3%. The findings throughout
the datasets suggest that the RP modality, compared to the
other fixed transformation methods, is particularly effective in
capturing the discriminative features for fault detection. Finally,
Dataset IV contains bearing data with established ground truth
from a vibration sensor used in bearing experiments; approaches
requiring multivariate inputs are excluded from this assessment.
Note that these data are cleaner, meaning there is little noise,
drift, or operational variability. Table II and the last column of
Fig. 5 show that the baselines perform exceptionally well in
this domain. For instance, InceptionTime reached the highest
F1 of 99.4% with both MiniRocket and CNN-LSTM close
(98.6% and 98.0%, respectively). In such conditions, specialized

TABLE III
OPTIMAL PERFORMANCE FOR ABLATION WITH DATASET I.A

end-to-end TS architectures perform exceptionally well because
they easily lock onto those fixed patterns without needing to
generalize to unseen operating contexts. In contrast, the adapter
introduces an additional representation learning step, which,
although less direct and slightly lossy on simple, separable
data, proves beneficial in complex, noisy, real-world signals.
Nevertheless, the adapter performed well with an F1 of 95.6%
and AUC of 0.992. Importantly, the results from Dataset IV high-
light the strengths of the adapter in generating representations
that are better aligned with the downstream task over the fixed
transformation methods. For comparison, the MTF achieved an
F1 of only 79.1% and an AUC of 0.839, while the GAF and RP
modalities reached F1 of 88.1% and 91.3% with corresponding
AUCs of 0.939 and 0.963, respectively.

C. Experiment 3: Impact of Architectural Components

The ablation experiment on Dataset I.A (see Table III)
disentangles the contributions of each component. The 1-D
DenseNet on raw TS (F1 = 83.8%) matches the other baselines
(CNN–LSTM: 86.1%, LSTM: 84.2%, InceptionTime: 88.4, and
Minirocket 87.7). Adding the adapter and training DenseNet
from random initialization boosts F1 to 97.9%. The adapter deep
encoder produces a task-aligned image representation in a way
that subsequent 2-D DensNet can learn extremely well. Notably,
the pretrained DenseNet on adapter outputs slightly raises F1

to 99.1% (t = 3.47; p = 0.008; d = 2.19), improving feature
extraction and convergence speed. This makes the backbone’s
initial weights (whether random or pretrained) less critical, but
still meaningful at this level. Pretraining provides a strong ini-
tialization, making the pretrained backbone more data-efficient
and faster to converge, while maximizing performance.

Taken together, the empirical findings corroborate the analyt-
ical formulation (see Section IV) and provide strong evidence
that substantial gains over fixed mappings are achievable. In
particular, performance improvements can be achieved through
the proposed multimodal pipeline, wherein the adapter gener-
ates task-aligned, vision-compatible representations from TS
data, which synergize with high-capacity image backbones.
The adapter consistently outperformed traditional fixed trans-
formation methods, achieving superior metrics across multiple
datasets. Consequently, the geometric shapes yielded competi-
tive performance. Furthermore, the discrepancy observed for the
fixed representations may stem from a domain gap. Pretrained
vision models are optimized for natural images; thus, when
applied to inputs with atypical or complex structures, their
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TABLE IV
OPTIMAL DIAGNOSIS PERFORMANCE ON DATASET I

Fig. 6. Normalized diagnostic performance of (a) the shape modality
and (b) the adapter modality.

performance may be compromised. The geometric shapes and
adapter output may be more closely aligned with the natural
image distribution, thereby better leveraging the learned features
of these models.

D. Experiment 4: Fault Diagnosis

Finally, Experiment 4 focused on fault diagnosis to assess
the efficacy of the approach in a more challenging classifica-
tion setting, namely, classifying specific fault types. Table IV
summarizes the diagnostic results. The adapter modality demon-
strated robust performance with an F1 of 87.9% and an AUC of
0.971. The per-class evaluation [contingency table in Fig. 6 with
shape results in Fig. 6(a) and adapter results in Fig. 6(b)] shows
notable differences. Similarly, the shape modality exhibited an
overall optimal performance with an F1 of 85.4% and an AUC
of 0.976. Moreover, Fig. 7 illustrates a compelling observation.
Even when the adapter is trained solely for fault detection, the
resulting image maps exhibit discernible patterns that correlate
with specific fault classes. Although some class overlap in faulty
behavior is expected, this finding suggests that the adapter in-
herently captures class-relevant features in its latent space with-
out explicit class instruction. These visual distinctions become
more pronounced when the training objective is expanded to
fault diagnosis. Interestingly, substation S06 deviates from this
consistent trend observed. Although the precise cause cannot
be confirmed, this deviation may indicate an operational change
and facilitate early detection.

E. Limitations

While the results are promising, practitioners should be aware
of the following limitations.

1) Input-modality requirement: The shape modality relies on
two correlated sensor streams to construct shape patterns.

Fig. 7. Daily image maps, with different downstream tasks (detection
versus diagnosis), generated by the adapter for various DH substations.

Single-sensor setups (e.g., stand-alone pressure gauges or
vibration sensors) cannot leverage this.

2) Interpretability: While vision backbones excel at dis-
criminative power, it remains challenging to map learned
features back to the underlying physical causes. Indus-
tries under strict root-cause analysis may require more
transparent or explainable methods.

3) Domain specificity: The evaluation has focused on sev-
eral industrial domains; however, the generalizability to
additional domains with different characteristics is worth-
while.

4) Sampling irregularity: This work assumes regular TS;
however, irregular sampling may arise naturally in some
domains (e.g., seismology, healthcare, and sensor net-
works) with different constraints, requiring specific adap-
tations.

VII. CONCLUSION

This work introduced a novel cross-modal TS-to-image
framework with an adapter deep encoder and shape mapping
for FDD in industrial systems. The experiments on various
domains (DH, oil, and bearings) show that these learned trans-
formations extract more robust and discriminative features than
fixed transformations. Among the fixed transformation methods,
RP achieved the best F1 of 86.6%. In addition, the geomet-
ric shape proved to be highly effective, achieving competitive
performance that underscores its potential as a low-complexity
alternative. On average, InceptionTime yielded the highest base-
line F1 of 88.6%, whereas the adapter and shapes reached
94.4% and 92.4%, respectively. In addition, the high per-class
performance of both modalities highlights their value also for
fault diagnosis, enabling more precise maintenance decisions in
real-world deployments. Future work will explore the method
across additional industrial domains.
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