
International Journal on Data Science and Technology 

2026, Vol. 12, No. 2, pp. 24–34 

https://doi.org/10.11648/j.ijdst.20261202.11  

 

 

 

Received: 25 June 2026; Accepted: 8 July 2026; Published: 24 July 2026 

 

Copyright: © The Author(s), 2026. Published by Science Publishing Group. This is an Open Access article, distributed 

under the terms of the Creative Commons Attribution 4.0 License (http://creativecommons.org/licenses/by/4.0/), which 

permits unrestricted use, distribution and reproduction in any medium, provided the original work is properly cited. 
 

Research Article 

A Robust Hidden Semi-Markov Model for Anomaly 

Detection of Centrifugal Compressors Monitoring Data with 

Missing Values 

Rongsong Zhang , Enyun Liang, Shaolin Hu* , Ye Ke  

School of Automation, Guangdong University of Petrochemical Technology, Maoming, China 

 

Abstract 

Centrifugal compressors are critical rotating machines in petrochemical and energy systems, and abnormal operating states may 

lead to unplanned shutdowns, efficiency loss, and safety risks. In practical monitoring systems, sensor data often contain missing 

samples, local disturbances, and sustained anomalous segments, making conventional pointwise and interpolation-dependent 

anomaly detectors less reliable. To address these issues, this paper presents a robust incomplete-data hidden semi-Markov model 

(RID-HSMM) for anomaly detection in monitoring data from centrifugal compressors. The method constructs a two-dimensional 

observation vector from each observed value and its adjacent first-order difference to represent both amplitude information and 

local dynamic variation. To avoid treating interpolated values as real observations, the emission likelihood is only evaluated over 

the available observed feature dimensions. A Student’s t distribution is used as the emission model to improve robustness against 

heavy-tailed disturbances and local outliers. In the anomaly detection phase, the anomaly score combines the negative log 

predictive density of the observations and the state-duration deviation, thereby capturing both observation abnormality and state-

persistence abnormality. Experiments on real motor-bearing temperature data from a centrifugal compressor were conducted 

under multiple missingness and anomaly settings. Compared with ARIMA, Matrix Profile, LSTM-AE, USAD, and the robust 

median baselines, RID-HSMM achieved the highest point-level precision and the lowest false-alarm rate, while maintaining 

competitive segment-level detection performance. The results indicate that explicit state-duration modeling and pseudo-

observation avoidance can improve the reliability of anomaly detection for incomplete industrial time series. 
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1. Introduction 

Centrifugal compressors are critical rotating machines in 

petrochemical processing, gas transmission, and energy con-

version systems. Their operational stability directly affects 

process safety and production continuity. Abnormal operation 

or equipment faults may cause efficiency losses, unplanned 

shutdowns, and safety incidents. Consequently, anomaly de-

tection from process-monitoring data are essential for condi-
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tion assessment, early fault warning, and predictive mainte-

nance. Prior work has shown that compressor sensor data can 

support dynamic process monitoring and fault prediction, con-

firming the practical value of data-driven methods for centrif-

ugal-compressor condition identification [1]. 

Unlike many generic time-series anomaly detection tasks, 

anomalies in centrifugal-compressor monitoring data are 

rarely isolated points. They typically appear as finite-duration 

segments. Examples include gradual increases in bearing tem-

perature, unstable regulation processes, and sensor drift. 

These phenomena generate sustained deviations across con-

secutive samples. Methods that focus only on pointwise resid-

uals or instantaneous threshold violations tend to generate 

fragmented alarms. Overly low thresholds trigger many false 

alarms during normal load changes, short-term spikes, or fluc-

tuations in operating conditions. In industrial alarm systems, 

false alarms increase operator fatigue and unnecessary inspec-

tions. An effective compressor-monitoring method should 

therefore detect sustained anomalous segments while main-

taining strict control over false alarms in normal operating pe-

riods. 

Industrial monitoring sequences are also incomplete. Sen-

sor outages, communication interruptions, reporting delays, 

duplicated timestamps, and irregular sampling intervals pre-

vent the raw series from satisfying the ideal assumption of 

complete, uniformly sampled observations. A common work-

flow first fills unavailable positions using linear interpolation, 

forward filling, or model-based imputation, and then feeds the 

completed series into an anomaly detector. In anomaly moni-

toring, however, imputed values are not real observations. If 

an anomalous segment is smoothed during imputation, its di-

agnostic signature can be attenuated. If imputation is influ-

enced by neighboring abnormal samples, it can also create 

pseudo-anomalies or enlarge the apparent anomaly region. 

Thus, anomaly detection for incomplete monitoring sequences 

should avoid excessive reliance on pseudo-observations; the 

model should distinguish observed values from unavailable 

positions [2, 3]. 

Existing time-series anomaly detectors can be broadly 

classified according to their scoring mechanisms. Dis-

tance-based methods, such as Matrix Profile, identify 

anomaly segments that differ from global subsequence 

patterns [4]. Probabilistic methods learn a normal data-

generating distribution and use predictive density or neg-

ative log predictive density as an anomaly criterion. Hid-

den semi-Markov models (HSMMs), for example, detect 

anomalies by evaluating deviations in entropy or predic-

tive density under a probabilistic model of the normal pro-

cess [5]. Prediction-error methods, such as Autoregres-

sive Integrated Moving Average (ARIMA), use residuals 

from historical forecasts as anomaly indicators [6]. Re-

construction-error methods, including the Long Short-

Term Memory Autoencoder (LSTM-AE) and Unsuper-

vised Anomaly Detection (USAD), use window-level re-

construction errors to quantify abnormality [7, 8]. These 

approaches can perform well when the training set is com-

plete, stable, and sufficiently large. However, their inter-

pretability and robustness often deteriorate when indus-

trial sequences contain missing samples, operating-mode 

transitions, and local disturbances. 

For incomplete centrifugal-compressor monitoring se-

quences, missing positions should not simply be forced into 

interpolated pseudo-observations. Theoretical support already 

exists for handling missing observations within a semi-Mar-

kov state framework [9]. In addition, compressor operation is 

not a sequence of independent samples. It consists of operat-

ing stages with characteristic durations and transition patterns. 

Under steady load, pressure, temperature, or vibration signals 

often fluctuate around a normal-state levels; during startup, 

shutdown, or regulation, the system may switch states and re-

main in each state for a finite period. A model based solely on 

point deviations or fixed-window reconstruction errors may 

fail to capture drift, offsets, and other structured anomalies. 

Hidden Markov models (HMMs) describe hidden state transi-

tions and state-conditioned observations, but the HMM im-

poses an implicit geometric distribution on state duration. This 

assumption is restrictive for many industrial processes. 

HSMMs explicitly introduce state duration distributions and 

can jointly model hidden state transitions, state persistence, 

and observation likelihoods, making them more appropriate 

for industrial time series with stage-duration characteristics 

[10]. 

However, limitations remain when HSMMs are applied to 

anomaly detection in incomplete centrifugal-compressor 

time-series data. First, they usually assume complete observa-

tion sequences, whereas real monitoring data contain locally 

unavailable observations. Second, Gaussian emissions are 

sensitive to spikes and heavy-tailed perturbations; a small 

number of extreme samples can contaminate the estimated 

state distributions [11]. To address these limitations, we pro-

pose a robust incomplete-data HSMM (RID-HSMM) for 

anomaly detection in incomplete centrifugal-compressor 

monitoring data. RID-HSMM integrates valid-dimension 

emission evaluation under missing observations, Student’s t 

emissions for heavy-tailed local disturbances, first-order dy-

namic features to capture local variation, and duration-based 

anomaly scoring for persistent abnormal segments. These 

components are incorporated into a unified probabilistic de-

tection framework that allows missing positions, local disturb-

ances, and abnormal state persistence to be handled within the 

same inference and scoring procedure. 

The remainder of this paper is organized as follows. Sec-

tion 2 reviews the HSMM formulation. Section 3 presents 

the RID-HSMM method, including feature construction, 

emission density over valid dimensions, Student’s t emis-

sions, and anomaly score design. Section 4 describes the data, 

perturbation design, evaluation metrics, baselines, compo-

nent analysis, and external validation. Section 5 concludes 

the paper. 
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2. Preliminaries: Hidden Semi-Markov 

Model 

An HSMM is a probabilistic sequence model that extends 

the HMM by explicitly modeling hidden state duration [10]. 

Although an HMM can represent state transitions and state-

conditioned observation distributions, it implicitly assumes 

geometric state-duration distributions. This assumption rarely 

reflects the persistence and switching patterns of industrial 

processes. HSMMs overcome this limitation by introducing 

an explicit duration variable, allowing each hidden state to 

generate a sequence segment during its dwell time. This prop-

erty is well suited to centrifugal-compressor monitoring data, 

where operating states persist and switch over time. 

Let the observation sequence be 𝑂 = {𝑜1, 𝑜2, . . . , 𝑜𝑇}, and 

let the hidden state set be 𝑆 = {1, 2, . . . , 𝐾}, where 𝑇 is the 

sequence length and 𝐾 is the number of states. If state 𝑗 per-

sists from 𝑡 + 1  to 𝑡 + 𝑑 , the state segment is written as 

𝑆[𝑡+1:𝑡+𝑑] = 𝑗 , where 𝑑 ∈ {1, 2, . . . , 𝐷}  is the state duration 

and 𝐷 is the maximum duration. 

The parameters of a standard HSMM are defined as: 

𝜆 = {𝜋𝑗 , 𝑎𝑖𝑗 , 𝑝𝑗(𝑑), 𝑏𝑗(⋅)}, (𝑖, 𝑗 ∈ 𝑆, 𝑖 ≠ 𝑗)      (1) 

Here, 𝜋𝑗 is the initial probability of state 𝑗, 𝑎𝑖𝑗  is the tran-

sition probability from state 𝑖 to state 𝑗, 𝑝𝑗(𝑑) is the proba-

bility that state 𝑗 persists for 𝑑 time units, and 𝑏𝑗(⋅) is the 

state-conditioned observation distribution. If state𝑗 lasts for 𝑑 

time units, its duration probability is 

𝑝𝑗(𝑑) = 𝑃(𝑆[𝑡+1:𝑡+𝑑] = 𝑗, 𝑆𝑡+𝑑+1 ≠ 𝑗|𝑆𝑡 ≠ 𝑗, 𝑆𝑡+1 = 𝑗) (2) 

If state 𝑖 ends at time 𝑡 and then switches to state 𝑗 and 

remains there from 𝑡 + 1 to 𝑡 + 𝑑, the joint transition-dura-

tion probability is 

𝑃 (𝑆[𝑡+1:𝑡+𝑑] = 𝑗|𝑆[𝑡−𝑑′+1:𝑡] = 𝑖) = 𝑎𝑖𝑗𝑝𝑗(𝑑)    (3) 

Here, 𝑆[𝑡−𝑑′+1:𝑡] = 𝑖 denotes a state segment in which state 

𝑖 persists for 𝑑′ time units and terminates at time 𝑡. Given 

state 𝑗 , if the observations within the duration interval 

[𝑡 + 1, 𝑡 + 𝑑]  are conditionally independent, the emission 

probability of this segment is given by: 

𝑏𝑗,𝑑(𝑜[𝑡+1:𝑡+𝑑]) = 𝑃(𝑜[𝑡+1:𝑡+𝑑]|𝑆[𝑡+1:𝑡+𝑑] = 𝑗) = ∏ 𝑏𝑗(𝑜𝜏)𝑡+𝑑
𝜏=𝑡+1                        (4) 

Define the forward variable 𝛼𝑢(𝑗) as the joint probability 

that observations 𝑜[1:𝑢] have been fully explained and that the 

last state segment ends at time 𝑢 in state 𝑗 The HSMM for-

ward recursion is: 

𝛼𝑢(𝑗) = ∑ ∑ 𝛼𝑢−𝑑(𝑖)𝐾
𝑖≠𝑗

𝑚𝑖𝑛(𝐷,𝑢)
𝑑=1 𝑎𝑖𝑗𝑝𝑗(𝑑)𝑏𝑗,𝑑(𝑜[𝑢−𝑑+1:𝑢]), 𝑢 ∈ {1, 2, … , 𝑇}                  (5) 

The marginal likelihood of 𝑜[1:𝑢] under model in Eq. (1) is: 

𝐿𝑢 = 𝑃(𝑜[1:𝑢]|𝜆) = ∑ 𝛼𝑢(𝑗)𝐾
𝑗=1          (6) 

The increment between adjacent log marginal likelihoods is 

therefore: 

𝛥ℓ𝑢 = 𝑙𝑜𝑔 𝐿𝑢 − 𝑙𝑜𝑔 𝐿𝑢−1 = 𝑙𝑜𝑔 𝑃(𝑜𝑢|𝑜[1:𝑢−1], 𝜆)  (7) 

This increment is the predictive log density of the current 

observation conditioned on previous observations. Its nega-

tive value can therefore serve as an observation-level anomaly 

indicator. 

3. RID-HSMM for Anomaly Detection 

The standard HSMM observation model relies on two as-

sumptions: observations in each state segment are complete, 

and observations are conditionally independent once the hid-

den state is known. Centrifugal-compressor sequences violate 

these assumptions because sensor outages, communication in-

terruptions, equipment inertia, and operating-condition fluctu-

ations introduce missing samples and strong local dependence. 

Directly interpolating missing values can cause the model to 

treat artificial samples as real observations, thereby biasing 

state inference and anomaly detection. RID-HSMM retains 

the explicit-duration structure of the HSMM but modifies the 

emission model and the anomaly-scoring mechanism for in-

complete industrial time series. 

Figure 1 illustrates the overall framework. Raw sensor data 

are sorted by timestamp, deduplicated, aligned to a regular 

time axis, and divided into training, validation, and test sets. 

The model then constructs dynamic observation features, es-

timates a robust normal-state HSMM using only valid obser-

vation dimensions, performs forward inference and Viterbi 

decoding, and finally generates an anomaly score from the ob-

servation likelihood and duration deviation. 

3.1. Observation Features and Valid-Dimension 

Student’s t Emissions 

Industrial monitoring sequences often contain missing sam-

ples on a regular time grid. To prevent pseudo-observations 

from entering the probability model, RID-HSMM does not 

impose numerical imputation at missing positions. Instead, it 

constructs observation features and evaluates the state-condi-

tioned density only over the valid dimensions. 

Let the raw monitoring sequence on the regular time axis 

http://www.sciencepg.com/journal/ijdst


International Journal on Data Science and Technology http://www.sciencepg.com/journal/ijdst 

 

27 

be: 

𝑦1:𝑇 = {𝑦1, 𝑦2, . . . , 𝑦𝑇}             (8) 

To capture both amplitude and local dynamics, the obser-

vation vector 𝑥𝑡 at time 𝑡 is defined as: 

𝑥𝑡 = (𝑥𝑡,1, 𝑥𝑡,2)
𝛵

= (𝑦𝑡 , 𝛥𝑦𝑡)𝛵          (9) 

Because either 𝑦𝑡  or 𝑦𝑡−1 may be missing, 𝛥𝑦𝑡  is availa-

ble only when both adjacent observations are available. Let 

𝑚 ∈ {1, 2}  denote the feature index, where 𝑚 = 1  corre-

sponds to the measured value and 𝑚 = 2 corresponds to the 

first-order difference. 

 
Figure 1. Framework of RID-HSMM. 

In state 𝑘, the Student’s t emission density for feature 𝑚 is 

𝑓𝑘,𝑚(𝑥𝑡,𝑚) =
𝛤(

𝜐+1

2
)

𝛤(
𝜐

2
)√𝜐𝜋𝜎𝑘,𝑚

[1 +
1

𝜐
(

𝑥𝑡,𝑚−𝜇𝑘,𝑚

𝜎𝑘,𝑚
)

2

]

−
𝜐+1

2
  (10) 

Here, 𝜇𝑘,𝑚 and 𝜎𝑘,𝑚 are the location and scale parameters 

of state 𝑘 for feature 𝑚, and 𝜐 is the number of degrees of 

freedom. Student’s t emissions provide greater robustness 

than Gaussian emissions for monitoring data with spikes, drift, 

and heavy-tailed perturbations. Let 𝑀𝑡 denote the set of fea-

ture dimensions that are available at time 𝑡. The emission den-

sity over valid dimensions is 

𝑏̃𝑘(𝑥𝑡) = ∏ 𝑓𝑘,𝑚(𝑥𝑡,𝑚)𝑚∈𝑀𝑡
          (11) 

When both 𝑦𝑡  and 𝑦𝑡−1 are available, 𝑀𝑡 = {1, 2} and 

𝑏̃𝑘(𝑥𝑡) = 𝑓𝑘,1(𝑦𝑡)𝑓𝑘,2(𝛥𝑦𝑡)         (12) 

When 𝑦𝑡  is available but 𝛥𝑦𝑡  cannot be computed, 𝑀𝑡 =

{1} and 

𝑏̃𝑘(𝑥𝑡) = 𝑓𝑘,1(𝑦𝑡)              (13) 

When 𝑦𝑡  is missing, the time point contributes no observa-

tion-density term, and 𝑏̃𝑘(𝑥𝑡) is set to 1. In that case, state 

inference is driven by the transition probabilities and the du-

ration distribution. The state-segment observation density in 

RID-HSMM is therefore 

𝑏̃𝑘,𝑑(𝑥[𝑡+1:𝑡+𝑑]) = ∏ 𝑏̃𝑘(𝑥𝜏)𝑡+𝑑
𝜏=𝑡+1       (14) 

Thus, RID-HSMM preserves the HSMM duration structure 

while preventing interpolated pseudo-observations from bias-

ing the emission density. Student’s t emissions further im-

prove robustness to local disturbances. 

3.2. Forward Probability Recursion 

Combining the HSMM recursion in Eq. (5) with the valid-

dimension state-segment density in Eq. (14) yields the RID-

HSMM forward recursion: 

𝛼̃𝑢(𝑘) = ∑ ∑ 𝛼̃𝑢−𝑑(𝑖)𝑎𝑖𝑘𝑝𝑘(𝑑)𝑏̃𝑘,𝑑(𝑥[𝑢−𝑑+1:𝑢])
𝐾
𝑖≠𝑘

𝑚𝑖𝑛(𝐷,𝑢)
𝑑=1

                        (15) 

The marginal likelihood of the observed feature sequence is 

then 

𝐿̃𝑢 = 𝑃(𝑥[1:𝑢]|𝜆) = ∑ 𝛼̃𝑢(𝑘)𝐾
𝑘=1       (16) 

Eq. (16) quantifies how well the observed test sequence 

matches the normal-state RID-HSMM model. 

3.3. Anomaly-Score Design 

RID-HSMM is trained on normal operating data. During 

detection, a time point or state segment is considered suspi-

cious if the current observation has a low probability under the 
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normal model or if the decoded state duration deviates mark-

edly from the learned normal duration distribution. The anom-

aly score therefore combines observation abnormality and du-

ration abnormality. 

From Eqs. (7) and (16), the observation anomaly score at 

time 𝑡 is defined as the negative log predictive density: 

𝑠𝑡
𝑜𝑏𝑠 = −𝛥ℓ̃𝑢 = 𝑙𝑜𝑔 𝐿𝑢−1 − 𝑙𝑜𝑔 𝐿𝑢       (17) 

This term measures the negative log predictive density of 

the current observation vector under the normal HSMM. To 

obtain a duration anomaly score, RID-HSMM uses Viterbi de-

coding to infer the most likely hidden state path. Consecutive 

samples with the same decoded state are merged into state seg-

ments. If a segment is assigned to state 𝑘 and has duration 𝑑, 

the duration anomaly score for time points within the segment 

is 

𝑠𝑡
𝑑𝑢𝑟 = −

1

𝑑
𝑙𝑜𝑔 𝑝𝑘(𝑑)            (18) 

This term captures unusually short, unusually long, or oth-

erwise atypical state-persistence patterns. Dividing by 𝑑 con-

verts the segment-level duration penalty into an average per-

time-point score. Because 𝑠𝑡
𝑜𝑏𝑠  and 𝑠𝑡

𝑑𝑢𝑟  have different 

scales and meanings, both scores are standardized using the 

validation set. Let the standardized scores be 𝑠̅𝑡
𝑜𝑏𝑠 and 𝑠̅𝑡

𝑑𝑢𝑟 . 

The final anomaly score is 

𝑠𝑡 = 𝜔1𝑠̅𝑡
𝑜𝑏𝑠 + 𝜔2𝑠̅𝑡

𝑑𝑢𝑟           (19) 

where ω1 and ω2 are the weights of the observation and du-

ration components. The decision threshold 𝜃 is calibrated on 

the validation set. A time point is labeled as anomalous when 

𝑠𝑡 > 𝜃. 

In practice, the threshold can be adjusted according to op-

erational risk tolerance. A higher upper-tail quantile or a larger 

standard-deviation multiplier produces a more conservative 

detector with fewer false alarms, whereas a lower threshold 

increases anomaly coverage and improves the detection rate 

at the cost of more false alarms. This calibration mechanism 

allows RID-HSMM to be adapted to different industrial alarm 

management requirements. 

4. Experiments and Results 

We evaluated the proposed method on a real monitoring se-

quence from a centrifugal compressor in an industrial com-

pressor station. The compressor operates for long periods un-

der fluctuating load, and its monitoring sequence exhibits op-

erating-mode changes, strong temporal dependence, and non-

stationarity. These characteristics make the data suitable for 

evaluating anomaly detection in industrial time series. All ex-

periments were implemented in Python and executed on an 

Intel i5-12400F CPU / NVIDIA RTX 4060 GPU platform. 

4.1. Dataset and Preprocessing 

The motor-bearing temperature sequence was selected for 

univariate modeling. The sequence spans the period from 

00:00:00 on 7 November 2022 to 00:00:00 on 29 November 

2022. The nominal sampling interval inferred from the origi-

nal timestamps was 1 min. Because field acquisition and stor-

age included repeated reports, missing samples, and irregular 

timestamps, preprocessing consisted of timestamp sorting, du-

plicate timestamp removal, regular time-axis reconstruction, 

and marking original missing values. 

After the regular time axis was reconstructed, the original 

sequence contained 31,680 time points and had a missing-data 

rate of 31.7%. After downsampling to 5 min, the sequence 

length was 6,336 and the missing data rate decreased to 2.7%. 

To evaluate anomaly detection under incomplete observations, 

the test set was further assessed under controlled missingness 

settings. These settings included the native missing positions 

in the 5-min sequence and additional missing samples or miss-

ing segments injected into the test set. 

The downsampled incomplete sequence was split chrono-

logically into training, validation, and test sets at a ratio of 

60%, 20%, and 20%, respectively. The training set was used 

to learn an approximate normal operating pattern. The valida-

tion set was used to standardize anomaly indicators and deter-

mine the threshold. The test set was used to construct different 

missingness and anomaly injection scenarios. Synthetic 

anomaly labels in the test set were used only for evaluation 

and were not used in training or threshold selection. 

4.2. Experimental Design, Baselines, and 

Evaluation Metrics 

To evaluate performance under incomplete observations, we 

constructed 12 test scenarios by combining four missingness 

settings and three anomaly-rate settings. The missingness set-

tings included the native missing positions in the downsampled 

5-min sequence and additional missing rates of 10%, 20%, and 

30%. The additional missingness was generated only in the test 

set and was not used for training or validation. The anomaly-

rate settings were 5%, 10%, and 15%. Each missing-rate × 

anomaly-rate setting was repeated with four random seeds: 42, 

35, 21, and 1. Precision (P), Detection Rate (DR), F1 score, and 

false-alarm rate (FAR) are computed as follows [12]: 

𝑃 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                (20) 

𝐷𝑅 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
               (21) 

𝐹1 =
2𝑇𝑃

2𝑇𝑃+𝐹𝑃+𝐹𝑁
             (22) 

𝐹𝐴𝑅 =
𝐹𝑃

𝐹𝑃+𝑇𝑁
               (23) 

Here, 𝑇𝑃 is the number of correctly detected anomalous 
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samples, 𝑇𝑁  is the number of correctly identified normal 

samples, 𝐹𝑃 is the number of normal samples incorrectly la-

beled as anomalous, and 𝐹𝑁 is the number of missed anoma-

lous samples. 

Missing observations and anomalous segments were injected 

into the test sequence. For each target missing rate, random 

missing samples and continuous missing segments were added 

to the existing missing positions to simulate random packet loss 

and continuous communication interruptions. Offset and drift 

anomalies were injected as continuous segments to represent 

common industrial phenomena such as measurement bias, slow 

degradation, and repeated readings. Let 𝜏 be the segment start 

time, 𝜄 be the segment length, 𝜎 be the standard deviation of 

the normal training sequence, and 𝜇 be the anomaly-strength 

coefficient. The injected offset and drift anomaly segments (𝑦̂𝑡 

and 𝑦̃𝑡 , 𝑟𝑒𝑠𝑝𝑒𝑐𝑡𝑖𝑣𝑒𝑙𝑦) are defined as follows [13]: 

𝑦̂𝑡 = 𝑦𝑡 + 𝜇𝜎               (24) 

𝑦̃𝑡 = 𝑦𝑡 + 𝜇𝜎 ×
𝑡−𝜏

𝜄−1
            (25) 

We compared RID-HSMM with ARIMA, robust median 

smoothing, Matrix Profile, LSTM-AE, and USAD. ARIMA 

represents a traditional prediction-residual baseline; robust 

median smoothing represents a local robust detector; Matrix 

Profile represents a distance-based subsequence-similarity de-

tector; and LSTM-AE and USAD represent reconstruction-er-

ror deep-learning detectors. For baseline methods that cannot 

directly process missing values, linear interpolation was used 

to construct complete inputs under the same train/valida-

tion/test split, because it is deterministic, transparent, and in-

troduces no additional model-specific hyperparameters. The 

imputation choice can influence prediction-error and recon-

struction-error baselines because imputed values are used di-

rectly as model inputs. Smoother schemes, such as spline in-

terpolation, may introduce additional assumptions about local 

curve smoothness, which can affect abrupt changes, offsets, 

and drift boundaries in industrial anomaly segments. 

4.3. Anomaly Detection Performance 

Table 1 reports the mean results of the six methods across 

the 12 missing-rate × anomaly-rate settings. Because this 

study focuses on continuous anomalous-segment detection in 

incomplete univariate industrial time series, we report point-

level metrics, segment-level metrics, and the FAR. Point-level 

metrics quantify sample-wise classification; segment-level 

metrics evaluate whether anomaly events are captured contin-

uously and stably, and FAR measures the proportion of nor-

mal samples incorrectly classified as anomalous. 

To better illustrate the trade-off between segment-level de-

tection performance and false-alarm control, Figure 2 shows 

the segment-level F1 score and the average false-alarm rate 

reported in Table 1. 

RID-HSMM achieved a segment-level F1 score of 0.613, 

which is slightly lower than the 0.638 obtained by USAD. The 

relative gap is approximately 3.9%, indicating that RID-HSMM 

approaches the segment-level detection performance of the 

strongest deep-learning baseline. Its main advantage lies in 

false-alarm control. RID-HSMM achieved the lowest average 

FAR of 0.030. Compared with USAD (0.362), the FAR was re-

duced by approximately 91.7%; compared with LSTM-AE 

(0.591), it was reduced by approximately 94.9%. RID-HSMM 

is therefore suitable for industrial alarm scenarios in which false 

alarms are costly and stable alarms are required. 

 
Figure 2. Comparison of segment-level performance and false-alarm rate among different methods. 

Table 1. Average performance of different methods across 12 missing-rate × anomaly-rate scenarios. 

Method 

Point-level Segment-level 

𝑭𝑨𝑹  

𝑷  𝑫𝑹  𝑭𝟏  𝑷  𝑫𝑹  𝑭𝟏  

RID-HSMM 0.544 0.321 0.396 0.762 0.527 0.613 0.030 
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Method 

Point-level Segment-level 

𝑭𝑨𝑹  

𝑷  𝑫𝑹  𝑭𝟏  𝑷  𝑫𝑹  𝑭𝟏  

USAD 0.223 0.877 0.348 0.621 0.715 0.638 0.362 

Matrix Profile 0.275 0.442 0.329 0.486 0.653 0.539 0.124 

Robust Median 0.392 0.548 0.451 0.407 0.701 0.505 0.092 

LSTM-AE 0.168 0.971 0.282 0.770 0.409 0.487 0.591 

ARIMA 0.297 0.373 0.325 0.344 0.821 0.478 0.093 

 

At the point level, RID-HSMM achieved the highest preci-

sion (0.544), indicating that its predicted anomalous samples 

were more concentrated in true anomalous regions. Its point-

level detection rate (0.321) was lower than those of USAD, 

LSTM-AE, and robust median smoothing, indicating a con-

servative decision strategy. This behavior is consistent with 

the low FAR: RID-HSMM suppresses scattered alarms 

through state-duration constraints and observation-density 

modeling. 

The relatively low point-level detection rate should be con-

sidered together with the extremely low FAR. RID-HSMM 

uses a conservative threshold calibrated on validation scores 

and combines observation likelihood with state-duration devi-

ation. This setting favors reliable alarms concentrated in high-

confidence abnormal regions. In practical deployment, the 

threshold can be selected according to maintenance policy and 

risk tolerance. For safety-critical monitoring, a lower thresh-

old can be used to increase DR and reduce missed anomalous 

samples. For routine condition monitoring, a higher threshold 

can be used to suppress false alarms and reduce unnecessary 

inspections. The reported default setting reflects a false-alarm-

control configuration, which is important for industrial sys-

tems where frequent false alarms can lead to alarm fatigue and 

unnecessary maintenance actions. 

USAD achieved the highest segment-level F1 score but had 

a much higher FAR, suggesting that part of its segment-detec-

tion ability resulted from wider alarm coverage. LSTM-AE 

reached the highest point-level detection rate but also the 

highest FAR, indicating that reconstruction models are sensi-

tive to imputation errors and local fluctuations in incomplete 

univariate sequences. ARIMA and robust median smoothing 

achieved relatively high detection rates in some settings but 

had lower segment-level precision and F1 scores, reflecting 

fragmented alarms. Matrix Profile maintained a relatively low 

FAR but still underperformed RID-HSMM in segment-level 

F1, suggesting that subsequence similarity alone is insuffi-

cient to model state-duration structure under missing observa-

tions. 

To further assess how the detection performance changes 

with missingness and anomaly prevalence, Figure 3 shows the 

trends in the average false-alarm rate and segment-level F1 

score for all methods under different scenario settings Figure 

4 further summarizes the distribution of the segment-level F1 

score and false-alarm rate achieved by RID-HSMM across the 

12 combinations of missing rate and anomaly rate. 

  
Figure 3. Sensitivity of detection performance to missingness and anomaly prevalence. 
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Figure 4. Performance of RID-HSMM across the 12 missing-rate × anomaly-rate scenarios. 

Across the 0–30% missing-rate settings, RID-HSMM 

maintained a low FAR because unavailable positions do not 

enter the emission-density calculation as interpolated values. 

When only part of the observation vector is available, the like-

lihood is evaluated on the valid dimensions; when the meas-

ured value is unavailable, the time point contributes no obser-

vation density and inference relies on transition and duration 

information. This mechanism reduces the propagation of in-

terpolation errors into anomaly scores and explains the stable 

false-alarm control under increasing missingness. This behav-

ior is consistent with the RID-HSMM design: missing posi-

tions are not forcibly imputed, and only actually observed fea-

ture dimensions contribute to the emission density. In contrast, 

deep reconstruction models require complete inputs; as the 

missing rate increases, interpolation error enters the recon-

struction error and spreads the anomaly-score distribution, 

thereby increasing false alarms. 

As the anomaly rate increased, the segment-level F1 score 

of RID-HSMM increased slightly because stronger segment 

evidence makes observation-density and duration deviations 

easier to combine into continuous decision signals. The FAR 

remained low, showing that the model maintained false-alarm 

control while detection evidence increased. 

4.4. Component Analysis of RID-HSMM 

To evaluate the contribution of each design component in 

RID-HSMM, we conducted component-level comparisons at 

a 10% missing rate and a 10% anomaly rate, in which selected 

mechanisms were removed or replaced by conventional alter-

natives. The full RID-HSMM uses emission density over valid 

dimensions, Student’s t emissions, first-order difference fea-

tures, and duration anomaly scoring. 

Replacing Student’s t emissions with Gaussian emissions 

reduced point-level precision from 0.591 to 0.311 and seg-

ment-level precision from 0.831 to 0.540. This result indicates 

that Student’s t emissions improve robustness to heavy-tailed 

disturbances and outliers in sequences containing spikes, off-

sets, and local perturbations. 

Removing the duration anomaly score reduced segment-

level detection rate from 0.831 to 0.455 and segment-level F1 

from 0.689 to 0.498. Observation abnormality alone was in-

sufficient for stable continuous-segment detection. The dura-

tion-deviation term adds sequential-structure constraints, sup-

presses fragmented alarms, and improves segment-level 

recognition. Removing the first-order difference feature re-

duced segment-level detection rate to 0.281 and segment-level 

F1 to 0.346, demonstrating that amplitude-only modeling was 

not sensitive enough to local changes, slow drift, and segment 

boundaries. Finally, the conventional HSMM had substan-

tially lower segment-level precision and F1 than the complete 

RID-HSMM. The performance gain therefore arises from the 

combined effects of valid-dimension emission-density evalu-

ation, Student’s t robustness, dynamic difference features, and 

duration-based anomaly scoring. 

Table 2. Component-level comparison results of RID-HSMM. 

 

Point-level Segment-level 

𝑷  𝑫𝑹  𝑭𝟏  𝑷  𝑫𝑹  𝑭𝟏  

Full 0.591 0.354 0.438 0.831 0.621 0.689 

w/o Student’s t emissions 0.311 0.617 0.410 0.540 0.859 0.661 

w/o duration score 0.326 0.407 0.353 0.455 0.613 0.498 

w/o first-order difference 0.425 0.217 0.279 0.508 0.281 0.346 
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Point-level Segment-level 

𝑷  𝑫𝑹  𝑭𝟏  𝑷  𝑫𝑹  𝑭𝟏  

HSMM 0.424 0.266 0.322 0.275 0.585 0.373 

Note: “Full” refers to the complete RID-HSMM configuration. “w/o” denotes “without”, meaning that a specific component is removed or 

replaced by a standard alternative. In “w/o Student’s t emissions”, the Student’s t emission distribution is replaced by a Gaussian emission 

distribution. In “w/o duration score”, the state-duration anomaly term is excluded from the anomaly score, leaving only the observation-based 

anomaly term in the score. In “w/o first-order difference”, the feature vector is reduced to the raw observed value only. “HSMM” denotes the 

conventional HSMM applied after linear interpolation of missing values. 

4.5. Preliminary External Validation 

To examine whether RID-HSMM depends on a particular 

station, unit, or sensor variable, we further evaluated the 

method on data from different stations, compressor units, and 

sensor variables. The results are summarized in Table 3. 

RID-HSMM achieved the highest average segment-level 

F1 score (0.521). Compared with LSTM-AE, USAD, ARIMA, 

robust median smoothing, and Matrix Profile, the segment-

level F1 score was higher by approximately 8.7%, 11.2%, 

12.5%, 23.4%, and 59.2%, respectively. These results indicate 

that RID-HSMM could still identify sustained anomalous seg-

ments when the station, unit, and sensor variable change; its 

performance is not limited to the main experimental dataset. 

Table 3. External validation results. 

Method Point-level F1 
Segment-

level F1 
FAR 

RID-HSMM 0.312 0.521 0.026 

LSTM-AE 0.245 0.479 0.172 

USAD 0.203 0.468 0.756 

ARIMA 0.376 0.463 0.167 

Robust Median 0.359 0.422 0.021 

Matrix Profile 0.148 0.327 0.112 

RID-HSMM obtained an average FAR of 0.026. Although 

this value is slightly higher than that of robust median smooth-

ing (0.021), it is substantially lower than those of LSTM-AE 

(0.172), ARIMA (0.167), and USAD (0.756). Compared with 

USAD and LSTM-AE, RID-HSMM reduced FAR by approx-

imately 96.6% and 85.1%, respectively. These results suggest 

that deep reconstruction models are vulnerable to imputation 

error and local fluctuations in incomplete univariate se-

quences, whereas RID-HSMM achieved a more stable balance 

between segment-level detection and false-alarm suppression 

through missing-data handling without numerical imputation, 

Student’s t emissions, and explicit duration constraints. Ro-

bust median smoothing produced the lowest FAR but had a 

lower segment-level F1 score than RID-HSMM, indicating 

that local statistical methods can suppress false alarms but 

have limited ability to identify sustained anomaly segments. 

5. Conclusion 

This study presents RID-HSMM, a robust hidden semi-

Markov model for detecting sustained anomalous segments in 

incomplete centrifugal-compressor monitoring sequences. 

The method constructs a two-dimensional feature from the 

measured value and its adjacent first-order difference, evalu-

ates emission likelihoods only over available feature dimen-

sions, introduces Student’s t emissions to improve robustness 

to heavy-tailed disturbances, and combines negative log pre-

dictive density with state-duration deviation for anomaly scor-

ing. 

Experiments on real compressor monitoring data showed 

that RID-HSMM achieved the highest point-level precision 

and the lowest false-alarm rate, while its segment-level F1 

score was close to that of the strongest deep reconstruction 

baseline. Component-removal and replacement analyses indi-

cated that the main design components contribute jointly to 

false-alarm suppression and segment-level anomaly detection. 

External validation provides preliminary evidence that 

RID-HSMM could maintain stable performance across differ-

ent compressor units and monitoring variables. The results in-

dicate that explicitly modeling state duration and avoiding 

pseudo-observations are effective strategies for anomaly de-

tection in incomplete industrial time series. 

Abbreviations 

HMM Hidden Markov Model 

HSMM Hidden Semi-Markov Model 

RID-HSMM Robust Incomplete-Data Hidden Semi-

Markov Model 

ARIMA Autoregressive Integrated Moving 

Average 

LSTM-AE Long Short-Term Memory Autoencoder 

USAD Unsupervised Anomaly Detection 
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P Precision 

DR Detection Rate 

FAR False-Alarm Rate 
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