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Abstract
Reliable  fault  diagnosis  of  field-deployed  intelligent  agricultural  equipment  requires  not
only accurate recognition of known faults but also reliable rejection of previously unseen
fault conditions encountered after deployment. This challenge is particularly pronounced in
solar  insecticidal  lamp  Internet  of  Things  (SIL-IoTs)  systems,  where  environmental
variability,  component aging,  and operational  disturbances can induce substantial  intra-
class  variability  and compromise the reliability  of  conventional  closed-set  diagnosis.  To
address this  challenge,  this  article  proposes a  prototype-based open-set  fault  diagnosis
framework for SIL-IoTs systems. A temporal encoder is trained to extract discriminative
representations  from  multichannel  electrical  signals.  Within  the  learned  feature  space,
class  prototypes  are  constructed  for  known  faults,  and  an  uncertainty-aware  prototype
distance (UAPD) is introduced to account for class-wise feature variance during prototype
matching. A class-adaptive conformal thresholding (CACT) strategy is further developed
to  estimate  an  independent  acceptance  threshold  for  each  known  class  using  only
calibration  samples  from  known  classes,  thereby  enabling  open-set  rejection  without
requiring real unknown faults for threshold tuning. Experiments on five open-set diagnosis
tasks  show  that  the  proposed  method  achieves  the  highest  overall  open-set  accuracy
across all tasks and the highest H-score in four tasks, with absolute gains of up to 0.0377
over  the  strongest  baseline.  These  results  demonstrate  that  the  proposed  framework
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provides  an  effective  and  practically  applicable  solution  for  open-set  fault  diagnosis  in  field-deployed  SIL-IoTs
systems.

1. INTRODUCTION
Intelligent systems and machine learning play an important role in modern precision agriculture, where

autonomous monitoring, intelligent agricultural equipment, and data-driven maintenance are essential for

ensuring reliable long-term field operation
[1]

. Accordingly, smart agricultural electronic systems are expected

to operate autonomously and reliably over extended periods in open-field environments
[2]

. Recent machine-

learning-based studies further demonstrate the capability of data-driven models to capture discriminative

temporal features from complex and highly variable data, providing an effective basis for condition

monitoring, state assessment, and fault diagnosis in intelligent agricultural systems
[3]

. Within this context,

solar insecticidal lamp Internet of Things (SIL-IoTs) systems represent a typical class of field-deployed

intelligent terminals, as they integrate sensing, power supply, communication, and electrical actuation within

a continuously operating monitoring platform
[4]

. By continuously recording multichannel electrical signals

during routine operation, these systems facilitate pest monitoring, equipment management, and data-driven

agricultural decision-making. In such environments, reliable fault diagnosis is not merely a maintenance

requirement but also a prerequisite for trustworthy intelligent sensing and sustained autonomous

operation
[5]

.

Most existing intelligent fault diagnosis methods achieve strong performance under closed-set assumptions

by using convolutional, recurrent, or hybrid deep networks to learn discriminative representations from

time-series data
[6]

. Related studies in intelligent agriculture have also demonstrated that neural-network- and

Gaussian-process-based models can effectively capture nonlinear temporal dependencies and informative

dynamic patterns from complex time-series data, providing useful representations for system condition

monitoring and fault-related state assessment
[7,8]

. Although these methods are effective when the training and

test label spaces are fully matched, they remain insufficient for realistic open-set deployment
[9]

. First, a

closed-set classifier tends to force an unseen fault into the nearest known category, which may conceal novel

failures and mislead maintenance decisions
[10]

. To alleviate this problem, representative open-set recognition

methods have introduced different rejection mechanisms. OpenMax estimates unknown probabilities by

modeling the tail distribution of known-class activation distances, ARPL learns reciprocal points to reduce

open-space risk, OpenGAN uses adversarially generated samples to regularize the known/unknown

boundary, and ViM estimates unknownness from feature residuals and logit information
[11-14]

. More recent

approaches further explore calibrated outlier-class learning, prototype-reciprocal learning, nearest-neighbor

Gaussian modeling, and evidential abstention to improve open-set or out-of-distribution decision-

making
[15-18]

. However, these methods are not specifically designed for SIL-IoTs fault diagnosis, where known

fault classes may exhibit heterogeneous intra-class dispersion under variable field operating conditions.

Second, even prototype-based or distance-based open-set methods often rely on Euclidean prototype

matching, standardized Euclidean distances, Mahalanobis-type post-hoc scoring, or a single global rejection

threshold
[19,20]

. These approaches are closely related to class-conditional distance measures, within-class

covariance normalization, and Mahalanobis-type prototype methods, because they normalize distances

according to feature scale or covariance information. However, they are usually used as post-hoc statistical

decision rules and do not explicitly couple class-wise latent dispersion with known-only class-adaptive

threshold calibration. In contrast, the proposed uncertainty-aware prototype distance (UAPD) is embedded

in the learned prototype space and uses class-wise latent dispersion to adjust prototype matching for each

known fault class. Therefore, UAPD is not introduced as a standalone Mahalanobis classifier, but as a

prototype-level uncertainty-aware distance for open-set fault diagnosis. Different known classes may occupy
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latent regions with very different compactness, and ignoring this can lead to unreliable acceptance

boundaries and an unstable trade-off between known-fault recognition and unknown-fault rejection
[21]

.

UAPD also differs from recent prototype-based open-set fault diagnosis methods, which commonly use

generated open-set samples, pseudo prototypes, or distance-based rejection rules to model open space
[20]

. In

the proposed framework, unknown-fault samples are not used during training or threshold tuning. Instead,

UAPD is combined with class-adaptive conformal thresholding (CACT) to couple class-wise variance-

normalized prototype matching with class-specific conformal thresholding estimated from known

calibration samples only
[22]

. This design also differs from auxiliary-set-based generalized zero-shot industrial

fault diagnosis, where unseen classes are recognized by transferring auxiliary knowledge, whereas the present

open-set setting focuses on rejecting unknown faults without using auxiliary unknown-class data during

training or threshold tuning
[23]

.

To address these limitations, this article proposes a prototype-based open-set fault diagnosis framework for

SIL-IoTs systems. The framework first learns discriminative temporal representations from multichannel

electrical signals by jointly optimizing cross-entropy loss, center loss, and supervised contrastive loss
[24]

.

Based on the learned feature space, one prototype is constructed for each known fault category. Unlike a

conventional Mahalanobis-distance classifier, the proposed UAPD performs class-wise variance-normalized

prototype matching in the learned latent space. Furthermore, unlike manually tuned or globally shared class-

threshold rules, the proposed CACT calibrates one acceptance threshold per known class using conformal

nonconformity scores computed only from known calibration samples. In this way, the proposed framework

combines discriminative representation learning, adaptive metric design, and class-specific open-set

decision-making into a unified diagnosis model.

The main contributions of this article are summarized as follows:

• A prototype-based open-set fault diagnosis framework is proposed for SIL-IoTs systems, unifying known-

fault classification and unknown-fault rejection within a single diagnostic framework.

• An UAPD is introduced to account for class-wise feature dispersion, thereby improving the reliability of

prototype matching in heterogeneous latent spaces. This design differs from conventional standardized or

Mahalanobis-type distance rules by adapting prototype matching to the learned class-wise latent dispersion.

• A CACT strategy is developed to calibrate class-specific rejection boundaries using known-only calibration

data. This design improves the balance between known-fault recognition and unknown-fault rejection.

The remainder of this article is organized as follows. Section 2 presents the proposed open-set fault diagnosis

framework. Section 3 describes the dataset, task definition, and experimental setup. Section 4 reports the

experimental results, including ablation studies and comparisons with competing open-set diagnosis

methods. Section 5 discusses the main findings and their implications. Section 6 discusses the limitations of

the proposed framework and outlines directions for future improvement. Finally, Section 7 concludes this

article.

2. METHODS
2.1. Problem formulation and overview

We consider an open-set diagnosis problem in which each input sample is a multivariate temporal window

where L and F denote the window length and the number of signal channels, respectively. Let the known

and test sets may additionally contain samples from unseen unknown classes. The goal is to assign a test

                                                                                              

𝑥 ∈ R𝐿×𝐹 , (1)

class set be denoted by    = {1, …, K}. During training, only samples from     are available, whereas validationC C
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Figure 1. Overview of the proposed open-set diagnosis framework. Raw multichannel electrical signal records are first divided into training,
validation, and test subsets, and sliding-window segmentation and standardization are then performed within each subset. A temporal
encoder learns latent representations, which are used for prototype construction, uncertainty-aware distance estimation, and class-
adaptive open-set rejection. GELU: Gaussian error linear unit.

sample to either a known class or the unknown category
[25]

. This setting differs from generalized zero-shot

fault diagnosis methods that attempt to recognize unseen classes by exploiting auxiliary semantic or fault-

related information. In the present open-set setting, unknown fault classes are unavailable during model

fitting and threshold calibration, and the main objective is reliable unknown-fault rejection rather than

explicit unseen-class recognition.

As shown in Figure 1, the proposed framework contains three stages: discriminative representation learning,

uncertainty-aware prototype matching, and class-adaptive conformal rejection. First, a temporal encoder

maps each signal window to a latent feature vector. Second, one prototype is constructed for each known

class from the proper training split, and class-wise feature dispersion is used to define UAPD. Third, the

CACT strategy calibrates one rejection threshold per known class by using calibration samples from known

classes only. In this way, the final decision rule jointly accounts for class-dependent feature geometry and

class-dependent acceptance boundaries.

2.2. Data preprocessing

Following the preprocessing pipeline in Figure 1A, the raw multichannel electrical signal records associated

with system operation were first divided into training, validation, and test sets at a ratio of 7:2:1 before

window segmentation. The sliding-window operation was then performed separately within each subset,

using a window length of 16 and a stride of 4. Therefore, although adjacent windows within the same subset

overlap by 75%, no overlapping windows derived from the same acquisition record were shared across the

training, validation, and test sets. The generated window samples were standardized before model training,

and the normalization parameters were computed using only the training set and then applied unchanged to

the validation and test sets. In the implementation, the known-class training data were further divided into a

For a known training sample (x
i
, y

i
) with y

i
 ∈

𝑧𝑖 = 𝑓𝜃 (𝑥𝑖), 𝑧𝑖 ∈ R𝑑 , (2)

proper training split    
tr
 and a calibration split    

cal
, while the open-set validation and test sets were denoted

by    
val

 and    
te
, respectively

[26]
.D D

D D

     , the encoder produces a latent featureC
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where fθ(·) denotes the temporal encoder and d is the latent feature dimension. In what follows, we use

prototype to refer to the class mean used for open-set inference, and center to refer to the learnable center

parameter used only in the training loss. For consistency, class-specific quantities are indexed by the generic

P
c
 ∈ ℝd

rather than by a fixed class-specific notation such as P
2
.

2.3. Temporal encoder and prototype-oriented feature learning

The temporal encoder consists of three stacked 1D convolutional blocks, each followed by batch

normalization and Gaussian error linear unit (GELU) activation
[27]

. Dropout is used for regularization, and

adaptive average pooling aggregates the temporal dimension into a fixed-length representation. A linear

projection layer then maps the pooled representation to a d-dimensional latent space. In the implementation,

d = 64.

To learn a feature space that is both discriminative and compact, we train the encoder jointly with a linear

classifier head using three complementary objectives:

The center loss is defined as

where μ  ∈ ℝd
 is the learnable center of class y

i
. This term encourages intra-class compactness, whereas the

supervised contrastive term further increases separation between known classes
[28]

. It should be noted that

the learnable center μ
c
 is used only during representation learning and is optimized as a parameter of the

center-loss term. It is not directly used as the prototype for open-set inference. Instead, the center loss

indirectly shapes the latent-space geometry by encouraging features from the same class to concentrate

around their corresponding training center. This more compact and structured feature geometry

subsequently affects the empirical class prototypes and class-wise variances estimated after training. In our

implementation, λ
c
 = 0.03 and λ

sc
 = 0.10.

After training, the classifier head is discarded, and the latent space is summarized by one prototype per

known class:

where N
c
 is the number of proper training samples belonging to class c. Unlike the learnable center μ

c
, the

prototype P
c
 is a post-hoc empirical class mean computed from the trained encoder features after

representation learning is complete. Thus, P
c
 reflects the final feature distribution induced by the joint

training objective, including the effect of center loss, cross-entropy loss, and supervised contrastive loss. The

same post-training features are also used to estimate the class-wise variance vector σ
c

2
, so the variance

normalization in UAPD is coupled to the learned feature geometry rather than to the learnable center

parameters themselves. These prototypes serve as the anchors for the subsequent open-set decision process.

L = LCE + 𝜆𝑐Lcenter + 𝜆𝑠𝑐Lsc, (3)

Lcenter =
1
𝑁

𝑁∑
𝑖=1



𝑧𝑖 − 𝜇𝑦𝑖

2
2 , (4)

𝑃𝑐 =
1
𝑁𝑐

∑
𝑖:𝑦𝑖=𝑐

𝑧𝑖 , 𝑐 ∈ C, (5)

class index c ∈    throughout the manuscript; for example, the inference prototype is denoted as C

where   
CE

 is the standard cross-entropy loss over known classes,   
center

 is the center loss, and    
sc

 is the

supervised contrastive loss.

L L L

yi
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2.4. UAPD

A plain Euclidean distance assumes that all known classes have comparable feature spread in the latent space.

This assumption is often too restrictive for open-set diagnosis, because some classes naturally form compact

clusters while others remain more dispersed due to operating variability or residual inter-class ambiguity. A

uniform metric therefore tends to over-penalize dispersed classes and under-penalize deviations from

compact classes
[29]

.

To address this issue, we estimate a class-wise variance vector for each prototype:

Based on P
c
 and σ

c

2
, we define the UAPD between a test feature z and class c as

where ϵ > 0 is a small constant for numerical stability.

This metric can be interpreted as a diagonal Mahalanobis-like prototype distance. Dimensions with low

class-wise dispersion contribute more strongly to the distance, whereas naturally noisy dimensions are

down-weighted. Consequently, compact classes receive tighter effective boundaries, while broader classes are

not unfairly rejected simply because their latent distribution is intrinsically more spread out. The diagonal

formulation was adopted as a deliberate design choice to keep the open-set decision rule lightweight,

interpretable, and directly aligned with the class-wise uncertainty estimated for each latent feature

dimension. A full-covariance Mahalanobis distance can additionally model correlations among latent

dimensions, but it requires estimating and inverting one covariance matrix for each known class. This may

introduce numerical difficulties when the covariance matrix is ill-conditioned or when strong correlations

among latent dimensions make the inverse unstable. It also increases the statistical burden because a full

covariance matrix contains many more parameters than a diagonal variance vector, which can make the

estimated distance sensitive to the empirical feature distribution of each class. Therefore, we used the

diagonal variance vector to preserve the main class-dependent scale information while avoiding the

additional numerical and statistical complexity of full-covariance estimation.

Unlike a conventional Mahalanobis-distance classifier, UAPD is not used as an independent post-hoc

statistical classifier. Instead, it is embedded in the learned prototype space and uses class-wise latent feature

dispersion estimated from the trained encoder features to normalize prototype matching. In this sense,

UAPD serves as a class-adaptive prototype-matching metric for open-set diagnosis, rather than as a

standalone covariance-based classifier.

2.5. CACT

Although UAPD provides a more faithful distance measure, open-set diagnosis still requires a rejection rule

to determine whether the nearest known prototype is sufficiently reliable. A single global threshold is often

inadequate because different classes may exhibit markedly different latent-space geometry even after feature

learning. We introduce CACT, which calibrates one rejection threshold for each known class by using

calibration samples from known classes only
[30]

. Unlike ordinary class-wise thresholding, the thresholds in

CACT are obtained from conformal nonconformity scores rather than manually tuned using unknown

samples or an auxiliary unknown set. This design is consistent with the target deployment condition, where

real unknown faults are not available during threshold calibration.

𝜎2
𝑐 = Var

(
{𝑧𝑖 | 𝑦𝑖 = 𝑐}

)
∈ R𝑑 , 𝑐 ∈ C. (6)

𝑑𝑐 (𝑧) =

√√√ 𝑑∑
𝑗=1

(𝑧 𝑗 − 𝑃𝑐, 𝑗 )2

𝜎2
𝑐, 𝑗 + 𝜖

, (7)
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The validity of the CACT thresholds relies on the exchangeability assumption of conformal prediction.

Specifically, the calibration samples and future deployment samples from the same known class are expected

to be generated from the same underlying distribution, or at least to remain approximately exchangeable

after preprocessing and feature extraction. Under this condition, the class-specific conformal quantile

provides a controlled known-class rejection risk at the prescribed significance level. If substantial distribution

shifts occur, such as seasonal variation, sensor drift, component aging, or abrupt changes in operating

conditions, the exchangeability assumption may be weakened and the calibrated thresholds may require

online updating or recalibration.

For each calibration sample z
i

cal
 from class c, we compute its class-consistent nonconformity score

The threshold for class c is then defined as the upper conformal quantile of the corresponding calibration

scores:

where α denotes the target risk level. In our implementation, α = 0.05.

Given a test feature z, we first identify its nearest prototype

The final open-set decision is then made by comparing the nearest-prototype distance with the threshold of

the predicted class:

This design avoids tuning on real unknown samples and aligns the acceptance region with class-dependent

feature geometry.

2.6. Training and inference procedures

The complete training and inference procedures are summarized in Algorithm 1 and Algorithm 2. Training

consists of two stages: discriminative representation learning on the proper known-class training split,

followed by prototype, variance, and threshold estimation. Inference uses only the trained encoder, class

prototypes, class-wise variances, and class-adaptive thresholds.

𝑠 (𝑐)𝑖 = 𝑑𝑐
(
𝑧cal
𝑖

)
. (8)

𝜏𝑐 = Quantile1−𝛼

({
𝑠 (𝑐)𝑖

})
, 𝑐 ∈ C, (9)

𝑐∗ = arg min
𝑐∈C

𝑑𝑐 (𝑧). (10)

𝑦 =

{
𝑐∗, 𝑑𝑐∗ (𝑧) ≤ 𝜏𝑐∗ ,
Unknown, 𝑑𝑐∗ (𝑧) > 𝜏𝑐∗ .

(11)
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3. DATASET DESCRIPTION AND EXPERIMENTAL SETUP
3.1. Dataset description

The experiments were conducted on real-world multichannel monitoring signals collected from SIL-IoTs

systems. As shown in Figure 2, the data used in this study were collected from three field-deployed SIL-IoTs

devices in Chuzhou, Anhui Province, China, over a two-month operating period. Following the acquisition

protocol of the solar insecticidal lamp fault (SILF) dataset, a raw acquisition record refers to the monitoring

segment retained during one fault-diagnosis execution of an SIL-IoTs node. The sensor readings were

collected at approximately 0.2 Hz, and each raw acquisition record covered 5 min of device operation. The

fault taxonomy is summarized in Table 1, where the fault-free state and eight fault types are denoted by C0-

C8.

Each sample was represented as a temporal window of length 16 with an input dimension of 13. The 13 input

features, denoted as Feature 0 to Feature 12, describe the environmental, electrical, and operating states of

SIL-IoTs systems, as summarized in Table 2.

The raw monitoring records were first divided into training, validation, and test subsets at a ratio of 7:2:1

before sliding-window segmentation. The sliding-window operation was then performed independently

within each subset using a window length of 16 and a stride of 4. After preprocessing, 500 window samples
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Figure 2. Real-world SIL-IoTs device used for field data collection in Chuzhou, Anhui Province, China. The SIL-IoT node, electronic box, and
Raspberry Pi photographs show the actual deployed device, electrical enclosure, and embedded computing unit, respectively, and were
taken by the authors. SIL-IoTs: Solar insecticidal lamp Internet of Things.

Table 1. Taxonomy of fault types and their corresponding class identifiers in SIL-IoTs

Fault name Identifier

Fault-free C0

Lure lamp OC C1

Metal mesh OC C2

Solar panel OC C3

Mismatch between light-intensity value and solar panel current value C4

Metal mesh current value abnormal C5

Metal mesh voltage value abnormal C6

Lure lamp current value abnormal C7

Lure lamp voltage value abnormal C8

SIL-IoTs: Solar insecticidal lamp Internet of Things.

were retained for each fault category, resulting in 4,500 window samples. Therefore, no obvious sample

imbalance was present across the nine categories. For each known class in an open-set task, 350, 100, and 50

window samples were used for training, validation, and testing, respectively. Unknown-class samples were

excluded from training and were used only in the validation and test stages. Because the experimental subset

was generated and balanced after sliding-window segmentation, the class-wise experimental scale is reported

at the window-sample level.

This partition protocol was used to reduce the risk of temporal leakage caused by overlapping windows.

Specifically, the generated windows were not randomly mixed across the training, validation, and test

subsets. Normalization parameters were estimated only from the training data and then applied unchanged

to the validation and test data. The training and test data were collected from different SIL-IoTs devices and

operating conditions, while the acquisition dates were matched to reduce date-related bias.
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Figure 3. Class-center distance and covariance condition analysis. (A) Normalized class-center Euclidean distance map used to guide
open-set task construction. Darker cells indicate smaller inter-class distances, and red boxes highlight closely spaced class pairs; (B)
Class-wise full-covariance condition numbers estimated from latent features in the proper training split. Larger values indicate greater
potential numerical instability when applying full-covariance Mahalanobis distance.

Table 2. Input features used in the experiments

Description Feature

Ambient air temperature Feature 0

Ambient relative humidity Feature 1

Temperature inside the electronic control box Feature 2

Voltage of the metal mesh Feature 3

Current of the metal mesh Feature 4

Voltage of the lure lamp Feature 5

Current of the lure lamp Feature 6

Voltage of the solar panel Feature 7

Current of the solar panel Feature 8

Measured light intensity Feature 9

Voltage-related count feature Feature 10

Sound-related count feature Feature 11

Voltage output of the rainfall sensor Feature 12

To evaluate the proposed method under realistic open-set conditions, only known fault classes were used

during training. Unknown fault classes were excluded from model fitting and introduced only during

validation and testing. As shown in Figure 3, the inter-class distances were highly non-uniform, and several

class pairs were substantially closer than others. The class-center distance map in Figure 3A was used only to

guide the construction of the five open-set task partitions and was not used for model training, model

selection, prototype estimation, or threshold tuning. Based on this distance distribution, five open-set

diagnosis tasks were constructed by varying the partition between known and unknown classes, as

summarized in Figure 3B and Table 3. Following the revised task order, Task 1 represents a relatively simple

open-set setting. Task 2 and Task 3 introduce more ambiguous unknown-class combinations. Task 4

increases the number of unknown classes, while Task 5 is treated as the most challenging setting because its

unknown set contains multiple lamp- and metal-mesh-related current or voltage faults that are close to

several known classes in the distance map.
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Table 3. Definition of the five open-set diagnosis tasks

Task Known classes Unknown classes

Task 1 C0 C2 C3 C4 C5 C8 C1 C6 C7

Task 2 C1 C4 C5 C6 C7 C8 C0 C2 C3

Task 3 C0 C2 C3 C4 C6 C8 C1 C5 C7

Task 4 C0 C2 C3 C4 C5 C1 C6 C7 C8

Task 5 C0 C2 C3 C4 C8 C1 C5 C6 C7

In the implemented pipeline, the known-class training set was further divided into a proper training split and

a calibration split. The proper training split was used for representation learning, prototype estimation, and

class-wise variance estimation. The calibration split was used only for class-adaptive threshold estimation.

No samples from the unknown classes were used for model fitting, prototype construction, variance

estimation, threshold calibration, or hyperparameter selection. The same training, validation, and test

protocol was applied to all compared methods in every task to ensure a fair comparison. This setup is

consistent with the intended deployment setting, in which unknown samples are unavailable during

threshold tuning.

3.2. Experimental setup

3.2.1. Implementation details

The proposed framework is implemented using the prototype-based architecture described in Section 2.

Specifically, the temporal encoder consists of three stacked 1D convolutional layers with channel dimensions

of 64, 128, and 128, respectively. Each convolutional layer is followed by batch normalization and GELU

activation, and dropout with a rate of 0.15 is used for regularization. Adaptive average pooling is then applied

to aggregate temporal information, and a linear projection layer maps the pooled representation into a 64-

dimensional latent space.

During training, the encoder is jointly optimized with a linear classifier head over the known classes. The

training objective combines cross-entropy loss, center loss, and supervised contrastive loss, with weights of

0.03 and 0.10 assigned to the center-loss and supervised-contrastive terms, respectively. The model is trained

for 80 epochs using AdamW with a batch size of 64, a learning rate of 10
-3

, and a weight decay of 10
-4

. A

cosine annealing learning-rate scheduler is employed throughout training.

For open-set inference, one prototype is constructed for each known class by averaging the latent features of

the proper training samples. The class-wise feature variance is then estimated from the same split and used to

define the UAPD. The calibration subset occupies 20% of the known training data and is used only to

estimate class-adaptive conformal thresholds with a risk level of α = 0.05. It is not used for representation

learning, prototype estimation, hyperparameter selection, or model selection.

All experiments are implemented in Python 3.11 and PyTorch 2.7.1 with CUDA 12.8 on an NVIDIA RTX

5070 GPU. Each experiment is repeated with five different random seeds (42, 123, 2024, 3407, 2026), and all

reported results are presented as mean ± standard deviation.

3.2.2. Evaluation metrics

To evaluate open-set diagnosis performance, four primary metrics are adopted, namely OS, OS′, UNK, and

H-score
[31]

. Specifically, OS denotes the overall classification accuracy over all test samples, OS′ denotes the

classification accuracy over known-class samples only, and UNK represents the detection rate of unknown

fault samples:
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where C and N denote the numbers of correctly classified and total test samples, respectively; C
K
 and N

K

denote the numbers of correctly classified and total known-class samples; and C
U
 and N

U
 denote the numbers

of correctly rejected and total unknown samples.

The H-score is defined as the harmonic mean of OS′ and UNK:

A higher H-score indicates a better balance between known-fault recognition and unknown-fault rejection.

3.2.3. Comparative methods

To assess the effectiveness of the proposed framework, we compare it against representative open-set

recognition and open-set fault diagnosis methods under the same task definitions, preprocessing pipeline,

data partitions, and evaluation protocol. For a fair comparison, all comparative methods are implemented

with the same 1D convolutional encoder, which consists of three one-dimensional convolutional blocks

followed by adaptive average pooling and a linear projection layer. Therefore, the performance differences

among these comparative methods mainly reflect their open-set scoring and rejection mechanisms rather

than differences in the feature-extraction backbone.

• OpenMax
[11]

: a classical open-set recognition baseline that models the tail distribution of known-class

activation distances and adjusts prediction scores to estimate unknown probabilities.

• ARPL
[12]

: an adversarial reciprocal-point learning method that enhances open-set separation by jointly

learning discriminative features and class-reciprocal representations.

• OpenGAN
[13]

: an open-set adversarial learning framework that uses generative adversarial training to

distinguish known samples from potential unknown samples.

• ViM
[14]

: a post hoc open-set recognition method that combines feature-space residual information and logit

structure to estimate unknownness.

• COCL
[15]

: a calibrated outlier-class learning method that introduces an auxiliary outlier class to improve the

separation between known and outlier samples.

• DCC
[16]

: a recent prototype-learning-based open-set fault diagnosis method that jointly uses prototypical

points and reciprocal points to reduce empirical classification risk and open-space risk.

• NNGM
[17]

: a nearest-neighbor Gaussian modeling baseline that combines local neighborhood distance and

class-conditional Gaussian feature modeling to estimate the unknownness score in the learned feature space.

OS =
𝐶

𝑁
,

OS′ =
𝐶𝐾
𝑁𝐾

,

UNK =
𝐶𝑈
𝑁𝑈

,

(12)

H-score =
2 OS′ UNK
OS′ + UNK

. (13)
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Table 4. Implementation details of the comparative methods, including backbone, rejection score, threshold data, and main
hyperparameters

Method Backbone Rejection score/threshold Threshold data Main hyperparameters

OpenGAN 1D-CNN encoder
Unknown/outlier logit score
Conformal quantile threshold

Known-class only

Latent dimension = 64
Learning rate = 10-3

Weight decay = 10-4

α = 0.05

EAC 1D-CNN encoder
Evidential uncertainty score
Conformal quantile threshold

Known-class only
Evidence L1 weight = 0.001
Pseudo-evidence weight = 0.05
KL annealing epochs = 10

COCL 1D-CNN encoder
Calibrated outlier-class score
Conformal quantile threshold

Known-class only
Outlier weight = 0.40
Known margin = 1.0
Margin weight = 0.10

OpenMax 1D-CNN encoder
Weibull-calibrated OpenMax score
Conformal quantile threshold

Known-class only

Tail size = 20
Alpha rank = 3
α = 0.05
Calibration = 20%
Latent dimension = 64

NNGM 1D-CNN encoder
Nearest-neighbor score
Gaussian feature-space score
Conformal quantile threshold

Known-class only
Latent dimension = 64
Supervised contrastive weight = 0.10
α = 0.05

ARPL 1D-CNN encoder
Reciprocal-point distance score
Conformal quantile threshold

Known-class only

Reciprocal margin = 4.0
Compact weight = 0.01
Reciprocal weight = 0.10
α = 0.05

ViM 1D-CNN encoder
Virtual-logit score
Feature-residual score
Conformal quantile threshold

Known-class only
Explained variance ratio = 0.95
α = 0.05
Calibration = 20%

DCC 1D-CNN encoder
Prototype distance score
Reciprocal-point distance score
Conformal quantile threshold

Known-class only

Prototype weight = 0.01
Reciprocal weight = 0.10
Prototype margin = 2.0
Reciprocal margin = 4.0

Proposed 1D-CNN encoder
UAPD-based open-set score
Known-only conformal threshold

Known-class only

α = 0.05
Calibration = 20%
Latent dimension = 64
Dropout = 0.15

1D-CNN: One-dimensional convolutional neural network; KL: Kullback–Leibler divergence; UAPD: uncertainty-aware prototype distance.

• EAC
[18]

: an evidential abstention classifier that quantifies prediction uncertainty and rejects samples with

insufficient evidence for known-class assignment.

For all comparative methods, the rejection thresholds are determined using only the known-class calibration

set, without using real unknown samples. The main hyperparameters, including the learning rate, batch size,

number of training epochs, latent dimension, calibration ratio, and significance level, are kept consistent

across methods unless a method-specific parameter is required. Method-specific hyperparameters are set

according to the corresponding original methods or kept at the default settings recommended in their

implementations. The implementation details of the comparative methods are summarized in Table 4.

4. RESULTS
4.1. Ablation experiment

As summarized in Table 5, a key question is whether the gain of the full model arises from the combined

action of UAPD and CACT, rather than from a single dominant component. Across the five tasks, the

complete model achieved the highest OS in Task 1 to Task 4, reaching 0.9689, 0.9333, 0.8849, and 0.8618,

respectively, and obtained an OS of 0.8524 in Task 5. These results indicate that enabling both modules

generally improves overall open-set performance, although the advantage is not uniform across all task
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Table 5. Ablation study across five tasks

Task Method UAPD CACT OS OS′ UNK H-score

Task 1

Baseline 0.9573 ± 0.0043 0.9360 ± 0.0064 1.0000 ± 0.0000 0.9669 ± 0.0034

w/o UAPD √ 0.9609 ± 0.0060 0.9413 ± 0.0090 1.0000 ± 0.0000 0.9698 ± 0.0048

w/o CACT √ 0.9542 ± 0.0051 0.9313 ± 0.0077 1.0000 ± 0.0000 0.9644 ± 0.0041

Proposed √ √ 0.9689 ± 0.0082 0.9533 ± 0.0122 1.0000 ± 0.0000 0.9761 ± 0.0065

Task 2

Baseline 0.9293 ± 0.0091 0.9533 ± 0.0211 0.8813 ± 0.0498 0.9149 ± 0.0197

w/o UAPD √ 0.8493 ± 0.0826 0.9733 ± 0.0041 0.6013 ± 0.2487 0.7435 ± 0.2389

w/o CACT √ 0.9320 ± 0.0090 0.9580 ± 0.0132 0.8800 ± 0.0490 0.9165 ± 0.0211

Proposed √ √ 0.9333 ± 0.0093 0.9520 ± 0.0198 0.8960 ± 0.0361 0.9225 ± 0.0142

Task 3

Baseline 0.8507 ± 0.0234 0.9493 ± 0.0060 0.6533 ± 0.0682 0.7724 ± 0.0464

w/o UAPD √ 0.8369 ± 0.0213 0.9360 ± 0.0138 0.6387 ± 0.0635 0.7576 ± 0.0461

w/o CACT √ 0.8836 ± 0.0297 0.9027 ± 0.0119 0.8453 ± 0.0874 0.8711 ± 0.0469

Proposed √ √ 0.8849 ± 0.0079 0.9387 ± 0.0084 0.7773 ± 0.0342 0.8500 ± 0.0175

Task 4

Baseline 0.8600 ± 0.0061 0.9480 ± 0.0110 0.7500 ± 0.0000 0.8374 ± 0.0043

w/o UAPD √ 0.8600 ± 0.0042 0.9480 ± 0.0075 0.7500 ± 0.0000 0.8374 ± 0.0029

w/o CACT √ 0.8596 ± 0.0058 0.9472 ± 0.0104 0.7500 ± 0.0000 0.8371 ± 0.0040

Proposed √ √ 0.8618 ± 0.0064 0.9512 ± 0.0115 0.7500 ± 0.0000 0.8387 ± 0.0045

Task 5

Baseline 0.8404 ± 0.0062 0.8992 ± 0.0158 0.7670 ± 0.0152 0.8277 ± 0.0062

w/o UAPD √ 0.8413 ± 0.0051 0.9120 ± 0.0063 0.7530 ± 0.0045 0.8249 ± 0.0049

w/o CACT √ 0.8627 ± 0.0197 0.9264 ± 0.0067 0.7830 ± 0.0373 0.8484 ± 0.0240

Proposed √ √ 0.8524 ± 0.0026 0.9344 ± 0.0046 0.7500 ± 0.0000 0.8321 ± 0.0018

Boldface highlights the results of the proposed full model, with both UAPD and CACT enabled, to facilitate comparison with the baseline and
ablated variants. It does not indicate the best value for every metric. UAPD: Uncertainty-aware prototype distance; CACT: class-adaptive conformal
thresholding.

settings. The full model also produced the highest H-score in Task 1 and Task 2, and remained competitive

in Task 3 to Task 5, supporting the view that the joint design improves the overall balance between known-

class recognition and unknown-class rejection. A more detailed comparison suggests that the two modules

play distinct roles. Removing UAPD caused the most pronounced degradation in Task 2, where OS, UNK,

and H-score dropped from 0.9333, 0.8960, and 0.9225 to 0.8493, 0.6013, and 0.7435, despite an increase in

OS′ to 0.9733. This pattern is consistent with a shift towards known-class bias at the expense of open-set

robustness. By contrast, removing CACT led to higher UNK and H-score in Task 3 and Task 5, and also

produced a higher OS in Task 5, indicating that CACT mainly adjusts the trade-off between known-class

recognition and unknown-class rejection rather than uniformly maximizing every metric in every task.

Notably, UNK was saturated in Task 1 and Task 4 across all variants, which limits mechanistic interpretation

in these relatively easy settings. Together, these ablations show that the full configuration provides a strong

and balanced operating point overall, while also indicating that the effect of CACT on unknown-class

discrimination remains task-dependent.

4.2. Hyperparameter sensitivity analysis

To examine the robustness of the selected hyperparameters, we further conducted sensitivity analysis for the

main parameters of the proposed framework, including the CACT significance level α, the calibration split,

the center-loss weight λ
c
, the supervised-contrastive-loss weight λ

sc
, and the numerical stabilizer ϵ in UAPD.

The dropout rate was kept at 0.15 as an encoder regularization setting, while the sensitivity analysis focuses

on the parameters that directly affect prototype compactness, variance normalization, and conformal

                                                                                          



Wang et al. Intell. Robot. 2026, 6(4), 843-67 Page 857

rejection. The results are summarized in Table 6, where the default settings used in the proposed method are

highlighted in bold.

Overall, the sensitivity results show that the selected default settings provide a stable operating point across

the five tasks. For α, excessively small values weakened unknown rejection in several tasks, whereas α = 0.05

maintained a better balance between OS and H-score. For the calibration split, the 20% setting generally

achieved stronger, more stable performance than the 10% or 15% settings, while the 30% setting reduced the

amount of data available for representation and prototype learning. The loss-weight results show that both λ
c

and λ
sc
 are useful: setting either weight to zero degraded performance, whereas the default values preserved

compact known-class representations and improved open-set balance. The results for ϵ indicate that a small

stabilizer is sufficient for UAPD, whereas an overly large value can weaken variance normalization.

4.3. State-of-the-art open-set diagnosis methods compared

As shown in Figure 4, the proposed method achieved the highest OS in Tasks 1-4 and remained competitive

in Task 5 when compared with OpenMax, OpenGAN, EAC, COCL, NNGM, ARPL, ViM, and DCC. This

result indicates that the proposed framework provides strong overall open-set diagnosis performance by

jointly considering known-class recognition and unknown-class rejection. Although several comparative

methods achieved competitive results in individual tasks, their performance fluctuated more noticeably

across task settings, whereas the proposed method maintained consistently high OS accuracy.

As shown in Figure 5, the proposed method also preserved strong known-class recognition performance.

The OS′ results indicate that introducing unknown rejection does not substantially weaken the classification

of known SIL-IoTs fault categories. Compared with the baseline methods, the proposed framework

maintains more stable known-class accuracy across different open-set partitions, suggesting that the learned

prototype representation remains discriminative for known faults.

As shown in Figure 6, the proposed method achieved the best or highly competitive H-scores across the five

tasks. Since H-score jointly measures the balance between known-class recognition and unknown-class

detection, these results further confirm that the proposed method achieves more balanced decision behavior

than the compared methods. The advantage is especially evident in challenging tasks where unknown

samples are close to known fault categories.

As shown in Figure 7, the proposed method achieved strong UNK performance, demonstrating its ability to

reject previously unseen fault types. Compared with OpenMax, OpenGAN, EAC, COCL, NNGM, ARPL,

ViM, and DCC, the proposed method more effectively reduced misclassification of unknown samples as

known categories. This improvement can be attributed to the UAPD and CACT, which jointly refine

prototype matching and unknown rejection.

4.4. Computational efficiency analysis

To evaluate the proposed framework’s suitability for resource-constrained SIL-IoT devices, we further

compared the computational cost and inference efficiency of the proposed method with the baseline

methods. All methods were evaluated using the same input size, the same 1D convolutional backbone, and

the same batch inference setting. The number of parameters, model size, neural forward floating-point

operations (FLOPs), additional open-set mechanism FLOPs, inference latency, and throughput are

summarized in Table 7.

As shown in Table 7, the proposed method has 0.0858M parameters and a model size of 0.3274 MB, which

are comparable to those of the lightweight baseline methods. Because all compared methods use the same 1D

convolutional temporal encoder, their neural forward FLOPs are also similar. The additional computational
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Table 6. Sensitivity analysis of the main hyperparameters across five open-set diagnosis tasks

Parameter Value
Task 1 Task 2 Task 3 Task 4 Task 5

OS H-score OS H-score OS H-score OS H-score OS H-score

α

0.01 0.8964 ± 0.1474 0.7766 ± 0.4342 0.7347 ± 0.0905 0.3082 ± 0.3235 0.7693 ± 0.0890 0.6083 ± 0.2975 0.7640 ± 0.1507 0.6531 ± 0.3652 0.8253 ± 0.0092 0.8121 ± 0.0070

0.03 0.9378 ± 0.0141 0.9372 ± 0.0113 0.7347 ± 0.0905 0.3082 ± 0.3235 0.7693 ± 0.0890 0.6083 ± 0.2975 0.7640 ± 0.1507 0.6531 ± 0.3652 0.8253 ± 0.0092 0.8121 ± 0.0070

0.05 0.9689 ± 0.0082 0.9761 ± 0.0065 0.9333 ± 0.0093 0.9225 ± 0.0142 0.8849 ± 0.0079 0.8500 ± 0.0175 0.8618 ± 0.0064 0.8387 ± 0.0045 0.8524 ± 0.0026 0.8321 ± 0.0018

0.10 0.9227 ± 0.0079 0.9384 ± 0.0067 0.8898 ± 0.0316 0.8554 ± 0.0623 0.8382 ± 0.0091 0.8076 ± 0.0225 0.8111 ± 0.0152 0.8011 ± 0.0117 0.8191 ± 0.0177 0.8107 ± 0.0197

Calibration

10% 0.9338 ± 0.0062 0.9477 ± 0.0051 0.7271 ± 0.0645 0.3101 ± 0.2810 0.8373 ± 0.0312 0.7911 ± 0.0467 0.7760 ± 0.1570 0.6620 ± 0.3701 0.8187 ± 0.0060 0.8097 ± 0.0092

15% 0.9387 ± 0.0088 0.9517 ± 0.0072 0.7244 ± 0.0641 0.2917 ± 0.2835 0.7924 ± 0.0406 0.7176 ± 0.1116 0.7680 ± 0.1558 0.6561 ± 0.3673 0.8280 ± 0.0066 0.8142 ± 0.0049

20% 0.9689 ± 0.0082 0.9761 ± 0.0065 0.9333 ± 0.0093 0.9225 ± 0.0142 0.8849 ± 0.0079 0.8500 ± 0.0175 0.8618 ± 0.0064 0.8387 ± 0.0045 0.8524 ± 0.0026 0.8321 ± 0.0018

30% 0.9271 ± 0.0082 0.9421 ± 0.0069 0.8391 ± 0.0388 0.7134 ± 0.0904 0.8236 ± 0.0174 0.7698 ± 0.0171 0.8422 ± 0.0057 0.8247 ± 0.0041 0.8133 ± 0.0063 0.8029 ± 0.0049

λc

0 0.7831 ± 0.1785 0.5583 ± 0.5097 0.7462 ± 0.0546 0.4160 ± 0.2110 0.8116 ± 0.0150 0.7523 ± 0.0196 0.6489 ± 0.1797 0.3308 ± 0.4530 0.8098 ± 0.0119 0.8001 ± 0.0093

0.01 0.9204 ± 0.0250 0.9362 ± 0.0215 0.7516 ± 0.0825 0.4134 ± 0.2735 0.8098 ± 0.0422 0.7182 ± 0.1126 0.7089 ± 0.1848 0.4955 ± 0.4523 0.8147 ± 0.0095 0.8039 ± 0.0074

0.03 0.9689 ± 0.0082 0.9761 ± 0.0065 0.9333 ± 0.0093 0.9225 ± 0.0142 0.8849 ± 0.0079 0.8500 ± 0.0175 0.8618 ± 0.0064 0.8387 ± 0.0045 0.8524 ± 0.0026 0.8321 ± 0.0018

0.10 0.9373 ± 0.0062 0.9507 ± 0.0051 0.7338 ± 0.0694 0.3444 ± 0.2790 0.8240 ± 0.0123 0.7622 ± 0.0109 0.8320 ± 0.0185 0.8170 ± 0.0141 0.8280 ± 0.0128 0.8169 ± 0.0154

λsc

0 0.9231 ± 0.0314 0.9383 ± 0.0272 0.7524 ± 0.0876 0.4053 ± 0.2977 0.7889 ± 0.0331 0.6890 ± 0.0921 0.7760 ± 0.1428 0.6580 ± 0.3680 0.8164 ± 0.0085 0.8062 ± 0.0064

0.05 0.9364 ± 0.0110 0.9499 ± 0.0090 0.7502 ± 0.0846 0.3941 ± 0.3018 0.8120 ± 0.0145 0.7477 ± 0.0159 0.7684 ± 0.1522 0.6560 ± 0.3669 0.8196 ± 0.0091 0.8077 ± 0.0070

0.10 0.9689 ± 0.0082 0.9761 ± 0.0065 0.9333 ± 0.0093 0.9225 ± 0.0142 0.8849 ± 0.0079 0.8500 ± 0.0175 0.8618 ± 0.0064 0.8387 ± 0.0045 0.8524 ± 0.0026 0.8321 ± 0.0018

0.20 0.9280 ± 0.0098 0.9429 ± 0.0081 0.7591 ± 0.0784 0.4372 ± 0.2753 0.8209 ± 0.0087 0.7613 ± 0.0033 0.7667 ± 0.1529 0.6549 ± 0.3664 0.8209 ± 0.0075 0.8106 ± 0.0084

ϵ

10-8 0.9382 ± 0.0040 0.9514 ± 0.0033 0.7520 ± 0.0859 0.4013 ± 0.3028 0.8129 ± 0.0119 0.7537 ± 0.0110 0.7631 ± 0.1501 0.6524 ± 0.3649 0.8231 ± 0.0091 0.8104 ± 0.0069

10-6 0.9689 ± 0.0082 0.9761 ± 0.0065 0.9333 ± 0.0093 0.9225 ± 0.0142 0.8849 ± 0.0079 0.8500 ± 0.0175 0.8618 ± 0.0064 0.8387 ± 0.0045 0.8524 ± 0.0026 0.8321 ± 0.0018

10-4 0.9467 ± 0.0059 0.9583 ± 0.0048 0.7596 ± 0.0764 0.4416 ± 0.2551 0.8151 ± 0.0157 0.7465 ± 0.0248 0.7653 ± 0.1503 0.6537 ± 0.3656 0.8302 ± 0.0105 0.8158 ± 0.0079

10-2 0.8222 ± 0.1787 0.5756 ± 0.5256 0.7849 ± 0.0690 0.5353 ± 0.2321 0.6973 ± 0.0751 0.3646 ± 0.2902 0.7022 ± 0.1920 0.4948 ± 0.4517 0.8356 ± 0.0103 0.8198 ± 0.0076

The default settings used in the proposed method are highlighted in bold.

cost introduced by the proposed UAPD and CACT mechanisms is only 1.542K FLOPs per sample, which is much smaller than the neural forward computation. The

proposed method also achieves a low inference latency of 0.0019 ms per sample and a throughput of 534,824 samples/s under the tested batch inference setting. These

results indicate that the proposed framework introduces only a small open-set decision overhead while maintaining practical computational efficiency for SIL-IoTs

fault diagnosis.
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Figure 4. Comparison of OS overall accuracy across five open-set tasks.

4.5. Statistical significance analysis

To further examine whether the observed improvements are robust to random-seed variability, we

performed paired statistical tests between the proposed method and each comparative method across the five

repeated runs. As shown in Table 8, the proposed method achieved statistically significant improvements

over several baselines, especially in the more difficult tasks. Although some comparisons did not reach

statistical significance, the proposed method still showed consistent numerical advantages in most cases. This

suggests the improvements are generally robust, and small performance gaps should be interpreted alongside

the standard deviations across random seeds. Overall, the statistical results support the effectiveness of the

proposed method and clarify the cases where the advantage is relatively modest.

4.6. Confusion matrix and feature visualization

As shown in Figure 8, the challenging setting mainly exposed errors in the separation between unknown

samples and the most confusable known classes, while the easier known categories remained largely well

classified across methods. The compared methods, including OpenMax, OpenGAN, EAC, COCL, NNGM,

ARPL, ViM, and DCC, all showed different degrees of unknown-to-known leakage, especially around the

electrically related classes C1 and C2. This indicates that unknown abnormal states can be easily absorbed

into nearby known fault regions when their signal patterns are similar. By contrast, the proposed method

achieved stronger unknown recognition while maintaining a cleaner diagonal structure for the known

classes. These confusion patterns are consistent with the quantitative metrics and further suggest that the

proposed method improves class-wise separability under difficult open-set conditions, especially at the

decision boundary between unknown samples and the most easily confused known categories.
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Figure 5. Comparison of OS′ known-class accuracy across five open-set tasks.

Figure 6. Comparison of H-score across five open-set tasks.
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Figure 7. Comparison of UNK unknown-detection accuracy across five open-set tasks.

Table 7. Computational efficiency comparison of the proposed method and baseline methods

Method Params (M) Size (MB)
Neural FLOPs
(M/sample)

OSR FLOPs
(K/sample)

Inference time
(ms/sample)

Throughput
(samples/s)

OpenMax 0.0858 0.3274 2.4666 1.272 0.0018 546698

OpenGAN 0.0859 0.3277 2.4667 0.006 0.0018 559289

EAC 0.0858 0.3274 2.4666 0.024 0.0020 498254

COCL 0.0859 0.3277 2.4667 0.390 0.0018 545303

NNGM 0.0858 0.3274 2.4666 323.712 0.0018 545534

ARPL 0.0862 0.3289 2.4658 0.768 0.0024 419252

ViM 0.0858 0.3274 2.4666 8.576 0.0019 530625

DCC 0.0862 0.3289 2.4658 1.536 0.0031 321537

Proposed 0.0858 0.3274 2.4666 1.542 0.0019 534824

FLOPs denote floating-point operations. Latency and throughput were measured under batch inference. OSR FLOPs indicate the estimated
additional computational cost introduced by the open-set recognition mechanism after feature extraction. Boldface highlights the computational
efficiency results of the proposed method to facilitate comparison with the baseline methods. It does not indicate the best value in each column.

As shown in Figure 9, the challenging setting revealed substantial differences in the feature-space structure

learned by the competing open-set methods. Several baseline methods exhibited varying degrees of overlap

between known and unknown samples, particularly around the most confusable regions, indicating that their

learned representations did not fully separate unknown instances from nearby known classes. In contrast, the

proposed method produced a visibly cleaner organization of the embedding space, with known samples
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Table 8. Paired statistical tests between the proposed method and comparative methods across five random seeds

Metric Method Task 1 Task 2 Task 3 Task 4 Task 5

OS ARPL t = 1.393, P = 0.2360 t = 2.331, P = 0.0802 t = 2.128, P = 0.1005 t = 1.848, P = 0.1383 t = 1.186, P = 0.3013

OS COCL t = 1.641, P = 0.1762 t = 0.748, P = 0.4960 t = 2.030, P = 0.1122 t = 2.837, P = 0.0470 t = 4.014, P = 0.0159

OS DCC t = 1.123, P = 0.3243 t = -0.177, P = 0.8682 t = 1.609, P = 0.1829 t = 9.616, P = 0.0007 t = 1.807, P = 0.1450

OS EAC t = 3.986, P = 0.0163 t = -7.247, P = 0.0019 t = 6.631, P = 0.0027 t = 4.403, P = 0.0117 t = 97.412, P = 6.65889 × 10-8

OS NNGM t = 1.937, P = 0.1249 t = -5.700, P = 0.0047 t = -9.179, P = 0.0008 t = 7.845, P = 0.0014 t = -10.043, P = 0.0006

OS OpenGAN t = 4.193, P = 0.0138 t = 1.536, P = 0.1993 t = 25.758, P = 1.34937 × 10-5 t = 3.232, P = 0.0319 t = 2.095, P = 0.1043

OS ViM t = 2.011, P = 0.1147 t = 2.186, P = 0.0941 t = 1.445, P = 0.2219 t = 0.355, P = 0.7408 t = 1.689, P = 0.1665

OS OpenMax t = 2.108, P = 0.1028 t = -0.665, P = 0.5427 t = 2.165, P = 0.0963 t = 7.524, P = 0.0017 t = 3.102, P = 0.0362

H-score ARPL t = 1.378, P = 0.2402 t = 2.465, P = 0.0693 t = 2.237, P = 0.0890 t = 1.822, P = 0.1426 t = 0.758, P = 0.4906

H-score COCL t = 1.635, P = 0.1773 t = 1.457, P = 0.2189 t = 2.286, P = 0.0842 t = 2.612, P = 0.0593 t = 3.513, P = 0.0246

H-score DCC t = 1.110, P = 0.3293 t = 1.054, P = 0.3513 t = 2.470, P = 0.0689 t = 6.947, P = 0.0023 t = -3.115, P = 0.0357

H-score EAC t = 3.999, P = 0.0161 t = -5.818, P = 0.0043 t = 5.737, P = 0.0046 t = 4.166, P = 0.0141 t = 214.691, P = 2.82377 × 10-9

H-score NNGM t = 1.917, P = 0.1277 t = -1.230, P = 0.2861 t = -9.188, P = 0.0008 t = 6.346, P = 0.0032 t = −42.754, P = 1.78917 × 10-6

H-score OpenGAN t = 4.054, P = 0.0154 t = 1.576, P = 0.1902 t = 20.680, P = 3.22980 × 10-5 t = 2.807, P = 0.0485 t = 1.566, P = 0.1925

H-score ViM t = 1.998, P = 0.1164 t = 1.979, P = 0.1189 t = 1.446, P = 0.2218 t = 0.226, P = 0.8323 t = 1.506, P = 0.2065

H-score OpenMax t = 2.101, P = 0.1035 t = 1.155, P = 0.3122 t = 2.990, P = 0.0403 t = 6.944, P = 0.0023 t = -7.093, P = 0.0021

Boldface indicates statistical significance at P <​ 0.05.

forming more compact clusters and unknown samples occupying more distinct regions with reduced intrusion into the major known-class groups. Although limited

local proximity between known and unknown samples was still present in a few boundary regions, the overall separation pattern was clearer than that of the competing

baselines. This qualitative result is consistent with the confusion matrices and quantitative open-set metrics, and suggests that the proposed method improves feature-

level discriminability under difficult open-set conditions.

A closer inspection of the failure cases indicates that the remaining errors are mainly concentrated near electrically related known classes, especially C1 and C2 in the

representative challenging task. These classes correspond to lure-lamp and metal-mesh open-circuit faults, whose current-voltage signatures can be similar to those of

some unknown abnormal states when illumination fluctuation, unstable power supply, or load variation changes the operating signal. Therefore, the residual

misclassification of unknown samples is physically plausible: unknown faults with similar electrical responses may fall near the acceptance regions of known electrical
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Figure 8. Confusion matrices under a representative challenging open-set task. The representative task corresponds to Task 5 in Table 3;
the known classes C0, C2, C3, C4, and C8 are displayed using task-local labels C0-C4, while the unknown class combines C1, C5, C6, and
C7. The proposed method exhibits the clearest diagonal structure and the strongest unknown-class recognition, indicating improved
separation between known and unknown samples.

Figure 9. t-SNE visualization of feature embeddings under a representative challenging open-set task. The proposed method yields more
compact known-class clusters and clearer separation between known and unknown samples than competing methods. t-SNE: Distributed
stochastic neighbor embedding.

faults. Compared with the baseline methods, the proposed framework reduces this leakage by forming more

compact known-class clusters and applying class-adaptive rejection thresholds, but a small number of

boundary samples remains difficult to separate.

5. DISCUSSION
These results can be interpreted in relation to prototype-based open-set recognition, Mahalanobis-distance-

based metrics, class-wise thresholding, and conformal calibration. Classical Mahalanobis distance and class-

wise thresholding provide useful distance normalization and class-dependent decision boundaries, but they

are often used as post-hoc decision rules. In contrast, the proposed framework couples dispersion-aware

prototype matching with known-only conformal threshold calibration. It also differs from generalized zero-

shot fault diagnosis methods using auxiliary sets, which aim to recognize unseen classes by transferring

auxiliary semantic or fault-related information. In the present open-set setting, unknown fault classes and
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auxiliary unknown-class information are unavailable during training and threshold tuning; therefore, the

objective is reliable unknown-fault rejection rather than explicit unseen-class recognition.

The ablation results in Table 5 show that the gains of the full model arise from the complementary effects of

UAPD and CACT. UAPD contributes to the metric side by normalizing prototype matching with class-wise

feature dispersion, whereas CACT contributes to the rejection side by calibrating class-specific thresholds

from known calibration samples. This distinction is most evident in Task 5, where removing UAPD

increased OS′ but substantially reduced UNK and H-score, indicating a shift toward known-class bias. These

results suggest that the proposed method is not simply a combination of a Mahalanobis-like distance and

class-wise thresholds, but a unified open-set decision framework adapted to class-dependent latent-space

geometry.

The role of CACT further illustrates the trade-off between known-class recognition and unknown-fault

rejection. In Task 3 and Task 5, removing CACT led to higher UNK or H-score in some cases, but it did not

surpass the full model in OS. This indicates that more aggressive rejection can improve one metric while

weakening the overall decision balance. CACT therefore mainly improves the stability of the open-set

operating point, rather than uniformly maximizing unknown rejection in every task.

The qualitative results are consistent with this interpretation. The confusion matrices in Figure 8 show that

the main errors occur near the boundary between unknown samples and confusable known classes. The

distributed stochastic neighbor embedding (t-SNE) visualization in Figure 9 further shows that the proposed

method forms more compact known-class clusters and clearer known/unknown separation than the

competing baselines. These observations suggest that the improvement is supported not only by threshold

calibration, but also by a more structured latent representation.

From an application perspective, the proposed framework is relevant to field-deployed SIL-IoTs systems,

where new fault modes may emerge because of component aging, environmental disturbance, maintenance

inconsistency, or device replacement. A closed-set model may incorrectly force such samples into known

classes. By combining discriminative representation learning, class-wise prototype distance, and known-only

threshold calibration, the proposed method provides a practical strategy for open-set fault diagnosis in the

present SIL-IoTs setting.

6. LIMITATIONS
Several limitations should be acknowledged. First, the experimental validation is based on a single SIL-IoTs

dataset containing nine fault categories. Although the five open-set tasks evaluate different known/unknown

class partitions, they are still constructed from the same underlying data source and electrical-signal

modality. Therefore, the present results should be interpreted as evidence for the effectiveness of the

proposed framework in the current SIL-IoTs diagnosis setting, rather than as a complete demonstration of

general applicability across different agricultural IoT platforms, sensor modalities, or larger fault taxonomies.

Second, the validity of CACT relies on the approximate exchangeability assumption of conformal calibration.

Specifically, the known-class calibration samples and future deployment samples are expected to follow the

same or a sufficiently stable distribution after preprocessing and feature extraction. Under this condition, the

class-specific conformal thresholds can provide meaningful known-class acceptance boundaries at the

prescribed risk level. However, seasonal variation, sensor drift, component aging, maintenance

inconsistency, and changes in deployment conditions may weaken this assumption. Therefore, fixed offline

thresholds may require periodic updating or online recalibration in long-term agricultural IoT deployment.
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Third, the current framework operates at the window level and estimates prototypes, variances, and

thresholds offline. This may limit its responsiveness to gradual distribution shifts or newly evolving fault

patterns. Although the proposed method improves open-set robustness, its advantage is not uniform across

all individual metrics, as reflected by OS′ in Task 5 and H-score in Task 3. This suggests that the balance

between known-class recognition and unknown-fault rejection still depends on task difficulty and latent-

space geometry. Future work will extend the framework to larger multi-device datasets, incorporate richer

environmental and operational information, and investigate online recalibration strategies for updating

prototypes, variances, and class-adaptive thresholds over time.

7. CONCLUSIONS
This article addressed open-set fault diagnosis for SIL-IoTs systems by proposing a prototype-based

diagnosis framework that combines discriminative representation learning, UAPD, and CACT. The central

idea is to perform open-set decision-making in a prototype-centered latent space while explicitly accounting

for class-wise feature dispersion and class-specific acceptance boundaries. In this way, the proposed

framework improves not only known-fault classification but also the reliable rejection of previously unseen

fault conditions under realistic field deployment settings.

Experimental results across five open-set diagnosis tasks showed that the proposed method consistently

achieved the highest open-set overall accuracy and delivered strong H-score performance in most cases,

indicating a stable balance between known-class recognition and unknown-fault rejection. The ablation

results further confirmed that UAPD and CACT play complementary roles: UAPD improves prototype-

matching fidelity under unequal class compactness, whereas CACT stabilizes class-dependent rejection

behavior without relying on real unknown samples during threshold tuning. The confusion-matrix and t-

SNE analyses provided additional qualitative evidence that the proposed framework improves both class-

wise separability and feature-level organization in challenging open-set conditions.

These findings suggest that prototype-based open-set diagnosis is a promising direction for the current SIL-

IoTs diagnosis setting and may provide a useful basis for broader intelligent agricultural equipment

monitoring after further validation. However, the current evidence is limited to a single SIL-IoTs dataset and

one electrical-signal modality, and thus should not be interpreted as a complete demonstration of general

applicability across agricultural IoT platforms. Future work will extend the framework to cross-device, cross-

season, and cross-domain open-set diagnosis scenarios, incorporate larger and more diverse fault

taxonomies, explore multimodal diagnosis using environmental and operational information, and investigate

online recalibration strategies that update prototypes and rejection thresholds as operating conditions evolve.
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