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Abstract: This paper describes a novel methodology for detecting 
and diagnosing performance degradation in hydropower units by 
data-driven multi-modelling of the unit’s operating parameters. 
Deviations between observations and model predictions create a 
unique signature for each degradation process or system 
anomaly. These patterns can then be used to diagnose future 
events. A proof of concept was made using 1D SIMSEN 
simulations of the operating parameters of a hydropower unit 
over two years including different types of degradation. The 
simulations were used to determine degradation signatures 
which were then compared to experimental signatures of 
abnormal events observed within the Hydro-Québec fleet. The 
results show that the proposed methodology can effectively 
discriminate between different types of degradation, paving the 
way for improved diagnoses of performance deterioration and 
optimized maintenance. 

1 Introduction 

Development of renewable energy sources and decarbonization of electricity 
production are leading to dramatic changes in electric power systems (EPS). 
Hydropower is the world’s leading source of renewable energy, and it is expected to 
play a key role in this energy transition, providing increased electricity generation and 
ancillary services to EPS [1]. 

In Québec, where hydropower accounts for more than 90% of total electricity 
generation, 4 GW will be added to the current capacity of 37.2 GW over the next 25 
years to meet the growing electricity demand [2]. Fifty percent of this additional 
capacity will come from refurbishment of existing hydropower units, with up to 15 units 
refurbished in one year. This will mean less time available for planned and unplanned 
maintenance of other units. Early detection and diagnosis of hydropower unit 
degradation and anomalies is thus crucial to reduce downtime and secure electricity 
production, especially during winter peak-load periods. 

Detection and diagnosis of abnormal behaviours in electricity generating systems has 
gained attention in the industrial and academic communities in recent years with the 
increase in available data and the emergence of more robust and complex machine-
learning algorithms [3, 4]. Data-driven models can detect faults and degradation in 
hydropower units, but the diagnostic phase remains challenging due to the multi-
dimensional and multi-physics nature of hydropower unit operation. 
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To address these difficulties, we propose a novel methodology based on multiple data-
driven models for anomaly detection and construction of a degradation signature 
matrix for the diagnostic phase. The signature matrix would indicate the relative 
contribution of different models to the total deviation for a wide variety of anomalies 
and is built on either experimental data from real events or physics-based simulations 
of degradation scenarios.  

The general methodology is explained in Section 2 below, followed by a proof of 
concept using synthetic data simulated by a 1D SIMSEN model of a Hydro-Québec 
generating unit including different types of degradation. A degradation signature matrix 
was built based on the simulated data (Section 3). This signature matrix was compared 
to experimental signatures obtained from real events observed in the Hydro-Québec 
fleet. The real events included progressive debris-trap clogging and pressure-tap fault 
in two Francis turbine units and a sudden runner-cone loss in a propeller turbine unit. 
For each event, a probabilistic measure of similarity with each simulated signature was 
computed, indicating the most probable failure occurring in the unit (Section 4). 
Limitations and research perspectives are discussed in the conclusion (Section 5). 
 

2 Concept and methodology 

2.1 General methodology 

The proposed methodology is illustrated in Figure 1. It is based on a simple idea: 
different causes lead to different consequences. A particular fault or type of 
degradation resulting from given causes will have specific impacts on the behaviour of 
operating parameters. To apply this idea constructively, the methodology uses multiple 
models to capture different aspects of a complex phenomenon. 

In a training phase, operating parameters are monitored over a period during which 
the system is assumed to be “healthy,” i.e., without degradation or fault. The data 
collected during this period are used to build multiple models of the operating 
parameters. Each model is a Gaussian process regression (GPR) (Section 2.2) that 
captures the behaviour of an operating parameter as a function of other operating 
parameters. Several models can be constructed for any given output parameter to 
capture different aspects of its behaviour. 

In a second phase (the monitoring phase), the predictions of all models are compared 
to new observations through a residual analysis where residuals are calculated as 
differences between observations and model predictions. Different types of faults or 
degradations lead to different disturbances in operating-parameter relations, which 
should show up in the residual behaviour of the different models. Model residuals for 
a specific situation are called a residual signature. 

To diagnose the cause of abnormal behaviour, the residual signature is compared to 
a degradation signature matrix that includes signatures observed for a wide range of 
degradation processes or anomalies. The signature matrix is based on synthetic data 
from physics-based simulations or experimental data from real-world events in the 
hydropower fleet. Lastly, a statistical indicator of similarity between the observed 
signature and the signatures in the degradation signature matrix allows identification 
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of a hierarchy of most probable causes. Different aspects of the methodology are 
briefly detailed in the next two sections. 

The diagnosis can also be performed using a classification tree built from expert 
judgments that indicates which models can be expected to deviate from normal 
behaviour in case of a specific fault or degradation. This diagnostic strategy is not, 
however, discussed in this study.  
 
 

 

Fig.  1. General methodology for detection and diagnosis of abnormal behaviours in hydropower units 
 

2.2 Principles of modelling and residual analysis 

The modelling step involves constructing a set of data-driven models describing a 
transfer function between inputs and one output. Each model is trained during a period 
of nominal operation. After this training, continuous monitoring of asset behaviour 
becomes possible. When an anomaly—or at least a change in behaviour—occurs, a 
mismatch begins to form between observations and predictions, and this divergence 
will appear in the residuals. The strength of multi-model approaches lies in their ability 
to characterize the nature of the anomaly and diagnose the state of the machine by 
interpreting deviations from the different models. 
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In a first step, Gaussian process regression (GPR) is used as a powerful non-
parametric regression technique. GPRs can be viewed as a generalization of Gaussian 
distributions where the mean and covariance are functions of the inputs. The functions 
depend on a set of learnable parameters determined during training. GPRs also 
compute the variance of predictions, a measure of uncertainty that can be used to 
obtain associated confidence levels. 

Next, a deviation step is used as a fusion metric to jointly compare the different 
predictions to the observations in a statistical manner. Model fusion is performed by 
measuring the Mahalanobis distance of the observations, yielding a scalar “health 
state” of the system. This metric is derived from an earlier study [5]. The Mahalanobis 
distance of a set of 𝑁 Gaussian random variables follows an 𝜒 distribution with 𝑁 

degrees of freedom. To compare a set of 𝑁 predictions 𝜇𝑘 with variance 𝜎𝑘
2 to an 

observation 𝑥𝑘, the z-score is defined as 𝑧𝑘 = (𝑥𝑘 − 𝜇𝑘)/𝜎𝑘 and the fusion metric 𝑑𝑁 
written as: 

𝑑𝑁 = (∑ 𝑧𝑘
2

𝑁

𝑘=1

)

1
2⁄

∼ 𝜒(𝑁) (1) 

We can define a detection threshold as 𝜇0 ± 𝛼𝜎0, where α is chosen sufficiently large 

to avoid false positive detections; 𝜇0 = √2Γ[(𝑘 + 1)/2]/Γ[𝑘/2] and 𝜎0 = √𝑁 − 𝜇0
2 are 

the mean and standard deviations of the 𝜒(𝑁). A warning is raised whenever the health 
state exceeds the threshold over a predefined number of successive observations. 
When a warning flags a potential anomaly, a feature importance analysis is conducted 
to catalogue out-of-distribution features and quantify their contribution to the anomaly 
detection metric as devised in [5]. The goal is to use these relative contributions to 
characterize typical signatures for each degradation process as described in the next 
section.  
 

2.3 Degradation signature matrix  

For the diagnostic phase, a degradation signature matrix was first built providing the 

relative contributions of each model to the global deviation metric for different faults or 

degradation processes. The signature matrix can be built from monitoring data 

collected during different events observed within the fleet and/or from synthetic data 

simulated through physics-based models including various types of degradation 

processes or faults. To construct a signature, the relative contribution of a model to the 

deviation from the 𝜒 distribution is obtained as 𝑐𝑘 = 𝑧𝑘
2/𝑑𝑁

2 . Note that 𝑐𝑘 is a measure 

between 0 and 1. By accumulating instantaneous signatures for all abnormal 

observations, we get a histogram of contributions that serves as a statistical signature 

of the failure. By approximating these histograms with Gaussian distributions, a 

signature can be written as: 

𝒄 = (

𝑐1

⋮
𝑐𝑁

) ∼ 𝒩(𝒎, 𝚺) (2) 
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In this study, we built a preliminary degradation signature matrix based on 1D SIMSEN 

simulations of a hydropower unit that included three types of anomalies. Two 

degradation-induced anomalies were investigated: debris-trap clogging at the intake 

and turbine efficiency degradation, the latter being a generic case including several 

degradation processes or anomalies affecting the turbine components. Distinction 

between these processes is beyond the scope of this paper and will be treated in 

further studies. A third anomaly caused by spiral-casing pressure-sensor failure was 

considered. Though not directly related to degradation, such events are quite common 

in practice and are the source of most anomalies reported in the monitoring systems. 

Abnormal behaviour signatures observed in actual monitoring data could then be 

compared to the reference signature distributions for diagnostics. We used a 

normalized version of Bhattacharyya coefficients to quantify the similarity between 

signature distributions and the current distribution. With an observed signature 

𝒩(𝒎, 𝚺) and a set of reference signatures 𝒩(𝒎̃𝑖 , 𝚺̃𝑖), our measure of similarity 

expressed as: 

𝓈𝑖 =
BC𝑖

∑ BC𝑖𝑖
, BC𝑖 = exp [−

1

8
(𝒎 − 𝒎̃𝑖)𝑇𝑷𝑖

−1(𝒎 − 𝒎̃𝑖) −
1

2
log (

det 𝑷𝑖

√det 𝜮 det 𝜮̃𝑖

)] (3) 

where 𝑷𝑖 = (𝚺 +  𝚺̃𝑖)/2. The Bhattacharyya coefficients BC𝑖 quantify the amount of 

overlap between the two distributions and are particularly useful in pattern recognition. 

The best match similarity indicates the most probable event occurring in the machine.  

 

3 Proof of concept on synthetic data 

3.1 Simulation of hydropower unit performance degradation 

A proof of concept was first conducted through 1D simulations of a Hydro-Québec 
hydropower unit in both healthy and unhealthy states using SIMEN software [6]. The 
resulting synthetic databases were then used to build a degradation signature matrix 
(Section 3.2). The simulated case was a Francis turbine hydropower unit with nominal 
power of 200 MW and a nominal gross head of 79 m. 

First, simulations of the hydropower unit in a healthy state over one year of operation 
were performed. The complete process is illustrated in Figure 2. For each simulated 
operating point, upstream/downstream reservoir levels (ZA and ZB) and guide-vane 
openings (GVO) measured by the unit monitoring system were used to initialize the 
SIMSEN model. A steady-state simulation was then performed to obtain other machine 
operating parameters, including turbine power Pt, flow rate Q, net head Hn and 
pressure in the spiral casing and draft tube, pSC and pDT, respectively. Since the 
simulation results are deterministic, additional noise was added to the simulated data 
considering a Gaussian distribution with a variance similar to that observed in real data. 
The resulting database represented the behaviour of the operating parameters of the 
unit in a healthy state. 
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Fig.  2. 1D SIMSEN simulations of healthy hydropower unit over one year of operation 

Simulations of the hydropower unit considering different types of degradation were 
then performed. We focus in this paper on two types of degradation processes: debris-
trap clogging at the unit intake (type I degradation) and turbine efficiency deterioration 
(type II degradation). 

Type I degradation was modelled in SIMSEN with a loss coefficient at the intake 
increasing linearly with time as illustrated in Figure 3a and resulting in head loss 
increases at the intake: 

𝐾𝑙𝑜𝑠𝑠(𝑡) = 𝐾𝑙𝑜𝑠𝑠
0 +  𝑘(𝑡 − 𝑡0)     (4) 

∆𝐻𝑖𝑛𝑡𝑎𝑘𝑒(𝑡) = 𝐾𝑙𝑜𝑠𝑠(𝑡)
1

2𝑔
𝐶2      (5) 

with k a parameter representing the rate of degradation, 𝐾𝑙𝑜𝑠𝑠
0  the initial value of the 

loss coefficient, t0 the starting time of the degradation and C the average axial flow 
velocity in the section. A total of 10 different scenarios were simulated, from slow (solid 
black line in Figure 3a) to severe debris-trap clogging (red dotted line in Figure 3a). 

For type II degradation, the hillchart (GVO – n11 – Q11 – T11) provided to the SIMSEN 
model was altered over time to model a progressive decrease in turbine efficiency as 
follows: 

𝑇11(𝑡) = 𝑇11
0 × (1 − 𝑎(𝑡))     (6) 

𝑎(𝑡) = 𝑘(𝑡 − 𝑡0)      (7) 

with 𝑇11
0  the initial value of torque coefficient at specific value of speed and discharge 

coefficients and k a parameter representing the rate of degradation. Degradation stops 
as a(t) reaches a maximum value amax. Different combinations of k and amax were 
tested: a total of 20 scenarios were simulated for type II degradation, each with different 
degradation dynamics. Figure 3b shows the evolution of turbine efficiency loss for four 
different scenarios, from slow degradation (black dotted line) to fast and severe 
degradation (solid red line). 
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In addition to these two degradation processes, a common cause of abnormal 
behaviours detected during operation of a hydropower unit was also simulated: shifting 
of the signal from the pressure sensor in the spiral casing by a constant offset after a 
given date. 

For each scenario, SIMSEN simulations were run over two months of turbine operation. 
As with the healthy case, upstream/downstream reservoir levels and guide-vane 
openings measured by the unit monitoring system were used to initialize the SIMSEN 
model while other parameters were simulated. Lastly, a set of databases was 
constituted, each database representing the evolution of the hydropower unit 
parameters in the case of various degradation processes and anomalies. 
 

  

(a) Type I – all scenarios (b) Type II – example of 4 scenarios 

Fig.  3. Evolution of parameters implemented in SIMSEN to simulate type I and II degradation 
processes 

 

3.2 Training of GPR models 

Next, multiple GPR models of the operating parameters were trained using the 
simulated data from the healthy-state case. These GPRs were used in the monitoring 
phase to predict expected behaviour of the unit and detect deviations in unhealthy 
states (see next section). Four GPR models were trained with different input and output 
variables: 

• Model 1: Pt  = f(ZA, GVO, ZB) 

• Model 2: Pt  = f(pSC, GVO, ZB) 

• Model 3: Q  = f(ZA, GVO, ZB) 

• Model 4: pSC  = f(ZA, GVO, ZB) 

Turbine power was modelled using two GPRs with different input variables while both 
flow rate and spiral-casing pressure were modelled with a single model with 
upstream/downstream reservoir levels and guide-vane opening as input variables. 

To assess the performance of the GPR models, the residuals of the models, i.e., the 
difference between predictions and observed output variables, were calculated over 
the training period. Figure 4 shows their evolution over time and associated 
distributions. For all models, the residuals feature normal distributions with variance 
lower than 0.25% and a mean value equal to 0, indicating the input variables capture 
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the behaviour of the output variables relatively well. In this study, variance level was a 
choice of the authors and was kept constant. Its value may, however, affect the 
anomaly detection capabilities of our algorithm. This remains beyond the scope of the 
present study and will be investigated in further studies. 
 

Model 1 

 
 

Model 2 

 
 

Model 3 

 
 

Model 4 

 
 

 (a) Residuals vs time (b) Distribution of residuals 

Fig.  4. Residuals of GPR models over the training period 
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3.3 Residual signatures in unhealthy scenarios  

Next, the trained GPR models were used to perform predictions with the synthetic data 
simulated for unhealthy scenarios. For each model, the residuals, i.e., the difference 
between predictions and new observations, were calculated over the entire monitoring 
period. 

Figure 5 shows the evolution of the residuals of the four GPR models for two different 
degradation scenarios (type I and type II) and a pressure sensor anomaly. 

The models for which residuals deviate from the 95% confidence intervals are boxed 
in red, while models with residuals that do not deviate from the confidence intervals 
are boxed in green. As the figure shows, each scenario has a specific residual 
signature, suggesting these signatures may be used as references for diagnosis of 
similar real-world events.   
 

 

Fig.  5. Residuals of GPR models over time for two degradation scenarios (type I and II) and abnormal 
behaviour of the pressure sensor in the spiral casing 

 
We used these deviations to construct the reference signature distributions whose 
histograms are shown in Figure 6. Type II degradation has an influence on power 
models 1 and 2, contributing almost equally to the detection metric. Type I degradation, 
on the other hand, has a strong influence on pressure model 4 and, to a lesser extent, 
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on models 1 and 3 but does not influence model 2 at all, which depends on other types 
of input. As the pressure probe is both modelled (model 4) and used as input (model 
2), measurement anomalies are characterized by deviation in models 4 and 2.  
 

 

Fig.  6. Histograms of relative contributions of each model in three abnormal scenarios 
 

4 Application to real events in hydropower units 

Next, the degradation signatures obtained through the 1D simulations were compared 
to experimental signatures obtained from three real events observed in the Hydro-
Québec fleet. 

The first event was severe debris-trap clogging in a Francis turbine unit. A 10% drop 
in power was observed at maximum guide-vane opening at the end of the episode 
before maintenance. Monitoring data over a period of one year were extracted for this 
hydropower unit, starting 11 months before the degradation began. The second event 
was loss of the runner cone in a propeller turbine unit. A preliminary analysis of the 
monitoring data indicated machine efficiency suddenly dropped by approximately 1% 
under nominal conditions. For this case, monitoring data were extracted for a period of 
16 months starting 12 months before the runner-cone loss. The third event was a 
sudden change in behaviour of a spiral-casing pressure sensor installed in a Francis 
turbine. The first and second events were assumed to correspond to the simulated 
scenarios of type I and II degradations, respectively, while the third event was a case 
of sensor anomaly. 

Our methodology successfully detected the three anomalies investigated. When the 
detection metric exceeded the threshold, the algorithm started collecting the relative 
contributions of each model for each new observation, as shown in Figure 7. 
Histograms were built using 636, 1032 and 88 abnormal observations sampled a half 
month to one month after the failure started. Note that the contributions for the third 
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case are messier because training began only a half year before the failure event, 
before the training was completed, resulting in sub-optimal performance.  

 
Fig.  7. Histograms of relative contributions for three events observed in the Hydro-Québec fleet 

(based on real monitoring data) 
 
It is challenging to find clear connections between experimental contributions and 
reference signatures through visual comparisons alone. Similarity coefficients for 
between the different events and references were computed. Table 1 shows the 
results. The green cells in the table indicate ground truth reason for the event. We 
identified Event 1 as a type I degradation with 99.97% similarity, which is remarkably 
precise given the apparent discrepancies between contribution prints in Figures 6 and 
7. The sensor failure occurring during Event 3 was diagnosed with 75.95% similarity. 
Event 2, however, normally a type II degradation, was diagnosed as a sensor failure 
with 98.94% similarity.  

 

  Reference signatures 

  Type I Deg. Type II Deg. Sensor failure 

Experimental 
feature 

contributions 

Event 1 99.97 0.00 0.03 

Event 2 1.06 0.00 98.94 

Event 3 24.05 0.00 75.95 

Table 1: Similarity coefficients between reference signatures and experimental feature contributions 

 
To explain this discrepancy, we analyzed the monitoring data collected during Event 
2, including turbine efficiency.  Figure 8 shows the evolution of the residuals of three 
additional GPR models with different output variables (discharge, turbine efficiency and 
power). Upstream/downstream reservoir levels and guide-vane opening were used as 
input variables for the three models. 
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(a) Q = f(ZA, GVO, ZB) (b) η = f(ZA, GVO, ZB) (c) P = f(ZA, GVO, ZB) 

Fig.  8. Evolution of residuals of three GPR models during Event 2 (runner-cone loss in propeller 
turbine) 

The results show that loss of the runner cone induced a 1.38% flow rate increase and 
a 1.42% efficiency decrease under similar operating conditions. These effects 
compensated for one another, and the power delivered by the turbine thus remained 
unchanged under similar conditions after the runner-cone loss. 

In other words, the SIMSEN-simulated scenarios with type II degradation did not match 
this event: in the simulation, only turbine efficiency and output torque were altered while  
flow rate remained unchanged at constant opening and net head. 

At this stage, the degradation signature matrix built on synthetic data does not allow 
for diagnosis of degradation processes and anomalies within the turbine. Each event 
must be modelled and simulated considering its specific physics and effects on turbine 
operation. The degradation signature matrix will be enriched in the future by coupling 
CFD and SIMSEN simulations of specific anomalies affecting turbine performance, 
including runner-cone loss, guide-vane blockage and complete or partial blade loss.  
 

5 Conclusion and perspectives 

This study lays the foundation for a novel strategy for detecting and diagnosing 
abnormal behaviour in hydropower units. We combined multiple data-driven models of 
operating parameters with a degradation signature matrix. With an astute choice of 
models, it was possible to obtain a unique residual signature for a given degradation 
or anomaly. A reference signature database built from synthetic data or past events 
was used for comparison with experimental signatures from detected anomalies. 
Normalized Bhattacharyya distance was used to measure similarity between reference 
and observed signatures, providing a score between 0 and 1. This score was 
interpreted as the probability that the observed event belonged to the reference event. 
Although focused on hydropower unit performance, our approach can be generalized 
to degradation and anomalies in other components. 

A proof of concept was made using 1D SIMSEN simulations of the operating 
parameters of a hydropower unit including different types of degradation. These 
simulations were then used to determine degradation signatures that were compared 
to the experimental signatures of three abnormal events observed in the Hydro-
Québec fleet. Our approach correctly diagnosed two of the events but failed for the 
third event. A careful analysis of the experimental data revealed that SIMSEN 
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simulations failed to model the true phenomenology of the efficiency hillchart 
degradation process. This highlights the need for more complex simulations that 
properly capture the underlying physics of degradation mechanisms affecting 
hydroturbines. Future work will investigate the ability of CFD simulations to address 
these issues. 

Future work should also focus on improving the measure of similarity used for 
diagnostics. The main bottleneck is that the approach cannot explicitly state when an 
experimental event does not match any reference signatures. In the least informative 
scenario, the resulting score would be 1/𝑀 where 𝑀 is the number of references. 

The results are encouraging and demonstrate that the proposed methodology can 
effectively discriminate between different types of degradation, paving the way to 
improved diagnoses of performance deterioration and optimized maintenance.  
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