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1. Introduction
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maritime 

transportation

• Reduce maritime risks

• Protect marine environment

• Guarantee good working and 

living conditions for the crew.

International rules and recommendations

❑ SOLAS: 

Sets minimal safety standards in the construction, 
equipment and operation of merchant ships.

❑ MARPOL:

Aims to minimize pollution of the oceans and seas, 
including dumping, oil and air pollution.

❑ STCW:

Sets minimum qualification standards for masters, 
officers and watch personnel on seagoing merchant 
ships and large yachts.

Substandard ships

Ships cannot comply with 

the conventions.

Flag state

“first line of defense”,

unable to perform well 

Port state Control

“second line of defense”

“last safety net”

Objectives

maritime 
safety
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1. Introduction

Source: http://www.tokyo-mou.org/inspections_detentions/psc_database.php
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Step 1: Ship selection

Step 2: PSCO(s) assignment

Step 3: Ship inspection
Step 4: Decision and record 
of inspection results

Example of inspection records of the Port of HK in the database 

Figure 2. Example of inspection records of the Port of HK in the database 











Example of deficiencies detected by the PSC authority

Source: Tokyo MoU, 2017; Tokyo MoU, 2018ba
Figure 3. Example of deficiencies detected by the PSC authority



2. Current Ship Selection Scheme

in PSC Inspection
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Regional Memorandum of Understanding 
(MoU)

• Nine current regional MoUs: Abuja MoU, Vina del Mar MoU, Black 
Sea MoU, Caribbean MoU, Indian Ocean MoU, Mediterranean MoU, 
Paris MoU (established in 1982), Tokyo MoU, and Riyadh MoU

• The United States Coast Guard (USCG) maintains the tenth inspection 
regime.
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https://cleanship.se/psc/index



Tokyo  MOU

• Tokyo  MOU:  a  New   Inspection  Regime  (NIR)  for  selection  of  
ships  has been introduced  from  1  January  2014.

• The  concept  of  the  NIR  of  the  Tokyo  MOU  is  similar  to  that  of  
the  Paris  MOU introduced since 2011.
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NIR

Ship Risk Profile (SRP) ship selection scheme 

Three risk types of ships

Low risk ship (LRS): Ships meet all the criteria. 

High risk ship (HRS): Ships with the sum of the 

weighting points >=4. 

Ship generic 

factors

Ship inspection 

historical factors

Ship Risk Profile 

Ship Risk Profile sheet

(Tokyo MoU, 2014) 

Standard risk ship (SRS): Ships that are neither 

HRS nor LRS. 

Inspection time window
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Parameter Calculation method States from best to worst

Ship flag 
performance

Established annually by taking its ships’ inspection and 
detention conditions over the preceding three calendar years 
into account. Black-grey-white ship flag lists are published in an 
MoU’s annual report.

White
Grey
Black

Ship recognized 
organization (RO) 
performance

Established annually considering their ships’ inspection and 
detention history over the preceding three calendar years. The 
RO performance list is published in an MoU’s annual report.

High
Medium
Low
Very low

Ship company 
performance

Established based on the ships detention and deficiency history 
calculated daily on the basis of a running 36-month period

High
Medium
Low
Very low



NIR

• Priority I++ (ships with overriding factors)

• Have the highest priority to be inspected

• Priority I+ (ships with no inspection record in Tokyo MoU)

• Should be inspected

• Priority I (ships out of the time windows)

• Should be inspected

• Priority II (ships within the time windows)

• Can be inspected

• Priority None (ships not entering the time windows)

• Should not be inspected unless with overriding factors



Tokyo MoU Annual Report 2019

• In 2019, 31,372 inspections, involving 17,647 individual ships, were 
carried out on ships registered under 97 flags

• Out of 31,372 inspections, there were 18,461 inspections where ships 
were found with deficiencies. 

• Since the total number of individual ships operating in the region was 
estimated at 25,741, the inspection rate in the region was 
approximately 69% in 2019

• In 2019, 983 ships were detained due to serious deficiencies having 
been found onboard. The detention rate of ships inspected was 3.13%.
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Hong Kong PSC

• From 2015 to 2017, there were a total of 10,239 individual ships 
visiting the port of Hong Kong and 1,324 of them were actually 
inspected

• The inspection rate of individual ships at Hong Kong over 2017–2019 
was 13%, which is slightly less than the target rate of 15% by Tokyo
MoU.

• The detention rate at Hong Kong is higher than the average of Tokyo 
MoU.
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Motivation

• The current NIR ship selection rule is elementary. State-of-the-art 
development in AI should be taken advantage of.

• The PSC records are publicly available
• https://apcis.tmou.org/public/

https://apcis.tmou.org/public/


3. Artificial Intelligence (AI) 

for Predicting Overall Ship Conditions
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Motivation

• With limited PSC manpower, limited time spent at port by ship, and 
possibility of a sudden arrival of a huge number of foreign-flagged 
ships, not all ships in Priorities I++, I+, and I will be inspected.

• In short term, AI can provide decision support for PSC authority 
regarding i) among ships of Priority I, which one has the worst 
condition? ii) among ships of Priority II, which one has the worst 
condition?

• In long term, AI-based inspection regimes can be adopted at an MoU

• Priority I++ (ships with overriding factors)

• Have the highest priority to be inspected

• Priority I+ (ships with no inspection record in Tokyo MoU)

• Should be inspected

• Priority I (ships out of the time windows)

• Should be inspected

• Priority II (ships within the time windows)

• Can be inspected

• Priority None (ships not entering the time windows)

• Should not be inspected unless with overriding factors



3.1 Predict number of deficiencies
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3.1.1 Predict number of deficiencies

without considering domain knowledge
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Tree Augmented Naive Bayes (TAN) Classifier Model 

Input data

250 PSC inspection records 

ranging from January 2017 to 

July 2017 at the Port of Hong 

Kong to train the model

Another 50 records are used 

for testing

➢ ship age

➢ ship gross tonnage

➢ ship type

➢ ship flag

10 variables

➢ number of changing flag times  

➢ number of previous detention times

➢ last inspection time,

➢ number of deficiencies in last 

inspection

number of deficiencies

Case data set

24

➢ ship company

➢ ship recognized 

organization

Class variable 

Ship generic factors 

Ship dynamic factors 

Ship inspection 

historical factors





➢ ship age
➢ ship gross tonnage
➢ ship type

➢ ship flag

➢ number of changing flag times  

➢ number of previous detention times

➢ last inspection time,

➢ number of deficiencies in last 

inspection
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➢ ship company

➢ ship recognized 

organization

Ship generic factors 

Ship dynamic factors 

Ship inspection 

historical factors

TAN classifier

(new parameters) TAN classifier

(old parameters in SRP)

➢ ship age

➢ ship type

➢ ship flag

➢ number of previous detention times

➢ number of deficiencies in last 

inspection

➢ ship company

➢ ship recognized 

organization

Ship generic factors 

Ship inspection 

historical factors



How to validate the effectiveness of the AI 
model?

• Impractical Validation 0: 

• On a past day, ships ABC are actually inspected, but the AI model 
recommends ships ABD. Then, compare the number of deficiencies of ship C 
with the number of deficiencies of D.

• Challenge: we never know the number of deficiencies of the ships that are not 
inspected.
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How to validate the effectiveness of the AI 
model?

• Validation 1: A PSC authority implements the AI model for one year

• Compare the average number of deficiencies per inspection before and after 
implementing the AI model

• However, things may change with time (ships are more compliant)

• A DiD approach can address it

• Validation 2: Each day, a PSC authority selects e.g., 3 ships (e.g., 
ABC), the AI model recommends 3 ships (e.g., ABD), all the four 
ships are inspected and the number of deficiencies of ship C is 
compared with the number of deficiencies of D.
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How to validate the effectiveness of the AI 
model?

• Practical Validation 3:

• We collected 300 historical inspection records

• We used 250 records to train the AI model and the remaining 50 to validate

• Suppose these 50 ships arrive at Hong Kong on the same day

• For each i=1,2,3,…,50

• Suppose the Marine Department can only inspect i ships

• We use the Tokyo MoU rule to select i ships, and calculate their total number of deficiencies

• The AI model recommends i ships, and we calculate their total number of deficiencies

• Compare the above two numbers
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SRP Inspection List

Priority I+ (ships with no inspection before)

a. High risk ship

b. Standard risk ship

c. Low risk ship

*Ships in the same SRP are randomly selected

Priority I (ships out of the time window)

Descending order in ship risk index

*Ships in the same risk index are randomly selected

Priority II (ships within the time window)

Descending order in ship risk index

*Ships in the same risk index are randomly selected

Priority None (ships do not enter the time window)

Descending order in ship risk index

*Ships in the same risk index are randomly selected

Table 1: Calculation of ship risk index



+215.91%

+21.15% +77.43% +219.45%

+136.96%+97.12%
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Conclusion a：

✓ The TAN classifier (with old parameters) can identify 128% more deficiencies on average than 

the currently used SRP ship selection scheme.

Conclusion b：

✓ The average performance of TAN classifier (with new parameters) is slightly better than the TAN 

classifier (with old parameters), as the determinant parameters: ship company performance, 

deficiency number in last  PSC inspection, and ship age are also considered. 

Numerical experiments



3.1.2 Predict number of deficiencies

considering domain knowledge
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Basic idea: Given all other conditions equal, a 
ship with worse flag/company/RO performance
should be predicted to have a larger number of 
deficiencies.

• Extreme Gradient Boosting (XGBoost) Model
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State

change

Flag

performance

State change RO

performance

Company

performance

White->Grey 0.8030 High->Medium 0.2530 0.5312

Grey->Black 0.2236 Medium->Low 0 (no such data) 0.7787

Low->Very low \ 1.4919

Increase in predicted deficiency number of consecutive states

Model Performance: Mean absolute error (MAE) is 2.372, mean squared error (MSE) is 12.470.

Input: Ship static properties, ship dynamic properties, and historical inspection condition in TMoU

Output: The total number of deficiencies of a ship

Yan R., Wang S., Cao J., Sun D., 2021. Shipping domain knowledge informed prediction and optimization in port state control. Transportation Research Part B: Methodological 149, 52-78.



3.1.3 Explainable AI model 

for predicting number of deficiencies
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Explainable Gradient Boosting Regression 
Tree (GBRT) model
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• The same seven features as the NIR are used

Model Performance: Mean absolute error (MAE) is 2.791, mean squared error (MSE) is 18.483.
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Feature importance on the predicted deficiency number

Yan R., Wu S., Jin Y., Cao J., Wang S., 2021. Efficient and explainable ship selection planning in port state control. Submitted to Transportation Research Part B: Methodological, under review.



3.2 Predict probability of detention
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Balanced Random Forest (BRF) model 
considering data imbalance
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Input: Ship static properties, ship dynamic properties, and historical inspection condition in

TMoU

Output: The detention risk (expressed by a probability) of a ship

Model Performance: 85% of the detained ships can be accurately identified; 

61% of the ships predicted to be detained are actually detained

Yan R., Wang S., Peng C., 2021. An articial intelligence model considering data imbalance for ship selection in port state control based on detention probabilities. Journal of Computational Science 48, 101257



3.3. AI for Predicting Ship Conditions
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Models: Ship deficiency number predicted by BN 
model; ship detention predicted by BRF model
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Input: Ship static properties, ship dynamic properties, and

historical inspection condition in TMoU

Output: Ship overall risk considering ship deficiency number

(60% weight) and detention probability (40% weight)

https://sites.google.com/site/wangshuaian/research-

interest/ai-for-psc-at-hong-kong

Yan R., Wang S., Peng C., 2021. Ship selection in port state control: Status and perspectives. Maritime Policy & Management, DOI: 10.1080/03088839.2021.1889067.

https://sites.google.com/site/wangshuaian/research-interest/ai-for-psc-at-hong-kong




4. AI for Predicting 

Ship Detailed Conditions
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Motivation

• Predicting the detailed conditions (e.g., chance of deficiencies of each 
code) can help

• PSC officer to conduct more efficient inspection

• Ship management companies to carry out effective maintenance plans, 
reducing costs and avoiding deficiencies and detention



4.1. Predicting Each Deficiency Code
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Ship specific risk prediction
Basic idea: Prediction of the number of deficiencies under each deficiency code in 

PSC.

Yan R., Wang S., Fagerholt K., 2020. A semi-\smart predict then optimize" (semi-SPO) method for efficient ship inspection. Transportation Research Part B: Methodological 142, 100{125.



4.2. Association 

between Different Deficiencies
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Association rule mining in ship deficiency items

Model: association rule mining based on a-priori algorithm

Input: deficiency items identified in PSC inspection records at the HK port from January 1 2018 to

June 2018

Output: frequent item sets and association rules of deficiency items

Basic idea: a) identify the deficiency items that are frequently detected together in one inspection; b) 

mine association rules from the inspection records

Yan R., Zhuge D., Wang S., 2021. Development of two highly-ecient and innovative inspection schemes for PSC inspection. Asia-Pacic Journal of Operational Research 38(3), 2040022.

Frequent item sets: sets of deficiency items that are often detected in on inspection



Association rules derived from frequent item sets



5. Analysis of PSC inspection data 

before and after COVID-19
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Comparison between the average level from 2017 
(or 2018) to 2019 and the level in 2020 in PSC 
inspection
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Yan R., Mo H., Guo X., Wang S., 2021. Is port state control in uenced by COVID-19? Evidence from inspection data. Submitted to Transport Policy, under first round revision (major revisions).



Comparison between the average level from 2017 
(or 2018) to 2019 and the level in 2020 in PSC 
inspection
• The total number of inspections conducted in 2020 decreases 

remarkably compared to the average level from 2017 (or 2018) to 
2019 in most MoUs by 12% to 78% as expected.

• The average number of deficiencies identified per inspection also 
decreases by 2% to 33% in most MoUs except Abuja MoU.

• The probability of detention per inspection is also reduced in 2020 in 
most MoUs by 12% to 47%.

50

Yan R., Mo H., Guo X., Wang S., 2021. Is port state control in uenced by COVID-19? Evidence from inspection data. Submitted to Transport Policy, under first round revision (major revisions).



Thank you!
Shuaian (Hans) Wang

wangshuaian@gmail.com
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