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Abstract:

Although extensive research has been 

undertaken to detect industrial diesel engine 

faults, significant challenges remain such as 

the need for non-invasive monitoring methods 

and the need for rare faulty datasets for 

training. A non-invasive engine monitoring 

method (vibration sensors) is presented that 

doesn't require training on faulty data. 

Significantly, the algorithms were tested on a 

large number of actual diesel engine faults 

chosen by experts. By learning on only healthy 

data, all of these faults can be detected with 

minimal false positives (best balanced error 

rate of 0.8%) regardless of engine load. These 

results were achieved on a small 3-cylinder 

test engine. Significantly it highlights how the 

'healthiness' of an engine can be assessed 

and monitored over time.

Introduction:
Around 90% of the world's trade is carried by 

the merchant fleets of over 150 nations, 

totalling over 50,000. The shipping industry 

has low margins, so operators are keen to 

reduce costs as much as possible and keep 

overheads low. The engines themselves can 

be very expensive to repair as Table 1 

illustrates. Despite this, condition monitoring 

solutions available have limited early warning 

ability and only detect known faults.

Table 1: Costs of Common Engine Faults

Literature Review: 

Oil and lubrication analysis [1], along with 

cylinder pressure [2] are commonly used for 

fault detection but oil analysis is invasive and 

can take several days to obtain a result. 

Pressure analysis is more accurate but the 

sensors themselves are unreliable in the harsh 

cylinder environment and regularly fail.

Vibration analysis has the advantage of being 

non-invasive. There are many powerful signal 

processing methods that can extract fault 

features from (non) stationary signals such as 

wavelets or the Wigner-Ville transform. 

However, existing approaches require 

examples of faults for learning, which can be 

hard to obtain. One class classification 

methods are proposed as they can learn from 

healthy data only.

Figure 3: Health Score Results

Proposed Approach: 

To test the approach that only healthy data 

was needed for fault detection, a small 3 

cylinder diesel engine was fitted with vibration 

sensors (see figure 2). Data was collected at 

2.4kHz over multiple loads and faults and 

processed as follows;

• A Hamming window of length 1 sec and 

50% overlap was applied

• Wavelet packet transforms are applied to 

the vibration data to depth 9 and time-

frequency features are computed

• One class SVM is trained on the healthy 

data and tested using the concept of 

distance to produce a ‘Health Score’ (see 

Figure 1).

Figure 2: Diesel Engine with Sensors

Table 2 shows the types of faults that were 

tested. They were chosen to comprehensively 

test the proposed approach.

Table 2: List of Fault Types Imposed

Figure 1: Novelty Detection Approach

Results: 

The results show that all faults can be clearly 

detected over different loads with minimal 

false positives as seen in table 3 and figure 3. 

The Balanced Error Rate (BER) metric is used 

to assess the results and it is the average of 

the false positives and false negatives.

Table 3: One Class Classification Results

Conclusion:

The results show that not only can one class 

classification algorithms be used to detect 

marine diesel engine faults but that their 

performance, as shown by the BER metric, is 

very strong. The algorithms have successfully 

been able to detect a comprehensive variety 

of diesel engine faults with minimal false 

positives. The impact of this is significant as 

developers of predictive monitoring systems 

for diesel engines no longer need to acquire 

expensive and hard to obtain data sets of 

engines in different fault conditions over 

different loads to develop effective monitoring 

systems.
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Action Costs 

(GBP)

Duration

Replacing Piston 

and Liner

100k 2 days in water

Replacing 

Crankshaft

500k 10 days dry 

dock

Replacing 

Crankshaft & 

Engine

1M 12 weeks dry 

dock

Annealing of 

crankshaft

150k 10 days dry 

dock

Replacement of 

Gearbox

230k

(360k)

3 days in water

(dry dock)

Fault

Class

To Simulate

0 Normal running conditions

1 Loose engine mounts

2.1 “Top end” cylinder leakage

2.2 Push rod wear.

3.1 Problems with fuel delivery and incomplete 

combustion

4.1 Big end bearing wear

5.1 Worn piston rings (achieved blow-by)

6.1 Bore wear (attempt blow-by conditions.

7.1 Air filter clogging

8.1 Top ring-land wear – leading to ring twist 

and/or ring flutter.

Loa

d 

[kW]

TP TN FP FN BER

0 96.2% 100% 3.8% 0% 1.9%

3 96.8% 100% 3.2% 0% 1.6%

6 98.4% 100% 1.6% 0% 0.8%


