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Abstract 8 

Efficient inspection of ships at ports to ensure their compliance with safety and 9 

environmental regulations is of vital significance to maritime transportation. Given that 10 

maritime authorities often have limited inspection resources, we proposed three two-11 

step approaches that match the inspection resources with the ships, aimed at identifying 12 

the most deficiencies (non-compliances with regulations) of the ships. The first step of 13 

each approach is a tailored tree-based prediction model that leverages historical data to 14 

predict the ships’ deficiencies, which serve as the input for the second step. The second 15 

step is an integer optimization model that matches the inspection resources with the 16 

ships to be inspected. We prove that the integer optimization models of the three 17 

approaches can be solved in polynomial time. Numerical experiments show that the 18 

proposed approaches improve the current inspection efficiency by over 4% regarding 19 

the total number of detected deficiencies. Through comprehensive sensitivity analysis, 20 

several managerial insights are generated and the robustness of the proposed 21 

approaches is validated.  22 
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1. Introduction 28 

Maritime transportation forms the backbone of international trade (Ng, 2015; Dong 29 

et al., 2015; Chen et al., 2016; Lee and Song, 2017; Yu et al., 2018). According to the 30 

report of European Maritime Safety Agency, there were 3,174 ship casualties and 31 

incidents that caused 941 people injured and 53 fatalities in 2018 (European Maritime 32 

Safety Agency, 2019a). Due to the increasing volumes of maritime traffic and high 33 

losses brought by accidents at sea, growing awareness has been given to the safety of 34 

maritime traffic (Jabari et al., 2014; Ng and Lo, 2016; Zheng et al., 2017; Teye et al., 35 

2018; Bell et al., 2020). In recent years, sustainable shipping, which requires 36 

environmental protection, reduction impact on ecosystems, and improving energy 37 

efficiency, has become another goal of the shipping industry (Angeloudis et al., 2016; 38 

European Maritime Safety Agency, 2019b). Various regulations and international 39 

conventions are proposed and implemented to guarantee maritime safety, protect the 40 

marine environment, and provide decent working and living conditions to the seafarers, 41 

including, but not limited to, the International Convention for the Safety of Life at 42 

Sea (SOLAS), the International Convention for the Prevention of Pollution from Ships 43 

(MARPOL), the International Convention on Standards of Training, Certification and 44 

Watchkeeping for Seafarers (STCW), and the Maritime Labour Convention (MLC) 45 

proposed by the International Maritime Organization (IMO) and International Labour 46 

Organization (ILO) (UNCTAD, 2019).  47 

The flag states of ships, under whose laws the vessels are registered or licensed, 48 

play an important role in enforcing these regulations and international conventions, and 49 

thus they are regarded as the first line of defense against substandard vessels. However, 50 

it is believed that flag states cannot perform their duties efficiently (Li and Zheng, 2008; 51 

Wang et al., 2019). As a complement to flag state control, port state control (PSC) 52 

inspection, which is an inspection regime for ports to inspect foreign visiting ships, was 53 

first implemented in 1982 and since then it has been viewed as the second line of 54 

defense against substandard vessels (Cariou et al., 2009; Heij et al., 2011).   55 

To allow inspection information exchange, avoid duplicate ship inspections within 56 

a limited period of time in a certain region, and standardize inspection criteria and 57 

processes, the regional Memorandum of Understandings on port state control (i.e. 58 

MoUs on PSC) are signed and established. Currently, there are nine MoUs on PSC all 59 

over the world. For example, Hong Kong belongs to Tokyo MoU which is responsible 60 

for the Asia-Pacific Region. When the foreign ships come to the port state, the port state 61 

authority first needs to select the ships to be inspected. Then, available PSC officers 62 

(PSCOs) are assigned to these ships for PSC inspections. There are two types of PSC 63 
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inspection: initial inspection and follow-up inspection. During the inspection process, 64 

a ship condition found not to be in compliance with the requirements of the relevant 65 

convention is denoted as a deficiency (IMO, 2017). After finishing an inspection, the 66 

inspection results, including ship deficiencies and detention, together with ship 67 

information are recorded in the corresponding database.   68 

17 deficiency codes are required by Tokyo MoU as presented in Table 1. Except 69 

for D99, the remaining 16 deficiency codes can be grouped into four deficiency 70 

categories as follows: C1: ship safety (D4 Emergency system, D7 Fire safety, D11 Life 71 

saving appliances, and D12 Dangerous goods), C2: ship management (D1 Certificates 72 

and documentation, D9 Working and living conditions, D14 Pollution prevention, D15 73 

International Safety Management (ISM), and D18 Labour conditions), C3: ship 74 

condition and structure (D2 Structural condition, D3 Water/Weathertight condition, D6 75 

Cargo operations including equipment, and D13 Propulsion and auxiliary machinery), 76 

and C4: communication and navigation (D5 Radio communication, D8 Alarms, and 77 

D10 Safety of navigation). It should be noted that the deficiencies and deficiency 78 

categories are of equal importance as they are all derived from major international 79 

maritime regulations and conventions.   80 

Table 1. Description of deficiency codes 81 

 82 

The overall inspection process suggests that the PSCOs play the key role in PSC 83 

inspection as they are responsible for conducting the inspection and deciding the 84 

inspection results (Ravira and Piniella, 2016; Graziano et al., 2017, 2018a). A PSCO 85 

should be an experienced person with both theoretical knowledge and seagoing 86 

experience. Common backgrounds of PSCOs can be naval architects, merchant marine 87 

captains, chief engineers, and ratio officers (Intercargo, 2000; Ravira and Piniella, 88 

2016). As required, during an inspection, a PSCO will use his/her professional 89 

judgment to decide whether and in what aspects the ship should be further inspected. 90 

The PSCO will also use his/her expertise to decide what deficiencies should be recorded 91 

and whether to detain a ship. However, it is indicated that due to discretion, subjectivity, 92 
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individuality, professional judgement, different backgrounds and expertise, PSCOs at 93 

the same port may have different expertise in identifying different categories of 94 

deficiencies (Ravira and Piniella, 2016; Graziano et al., 2017; Graziano et al., 2018a). 95 

For instance, there are two PSCOs on duty for one day, and PSCO 1 used to be a captain 96 

who is good at dealing with deficiencies related to communication and navigation, 97 

while PSCO 2 has naval background and is good at addressing deficiencies on the ship 98 

condition and structure. Assume now that two ships visiting the port are selected to be 99 

inspected: ship 1 has main deficiencies in structure and ship 2 has many deficiencies in 100 

radio communication. Ideally, we should assign PSCO 1 to inspect ship 2 and assign 101 

PSCO 2 to inspect ship 1; otherwise, deficiencies might be missing due to the lack of 102 

professional backgrounds and knowledge. This example shows that the inspection 103 

efficiency and effectiveness can be improved if ship deficiency conditions and the 104 

expertise of PSCOs are matched. To achieve this objective, the deficiency conditions 105 

of the ships, which can be represented by the number of deficiencies in each category 106 

(the number can be zero) need to be first predicted. Then, the expertise of PSCOs should 107 

be considered when assigning them to the ships to be inspected.  108 

Considering the PSCOs’ different expertise, this study proposes three approaches 109 

for ship deficiency condition prediction and PSCO assignment to improve the 110 

inspection efficiency. Our key contributions from a theoretical and practical point of 111 

view are summarized as follows. 112 

First, from a theoretical point of view, we develop three sequential prediction and 113 

optimization approaches for the PSCO assignment problem. The first approach predicts 114 

the number of deficiencies in each deficiency category for each ship in a way that 115 

minimizes the mean squared error (MSE). The numbers of deficiencies are a natural 116 

choice of target to predict. The predicted values are subsequently used in a PSCO 117 

assignment model (model M1 in Section 4.1). The second approach predicts, instead of 118 

the number of deficiencies in each category for each ship, the number of deficiencies 119 

each PSCO can identify for each ship (also in a way that minimizes the MSE). The 120 

predicted values are subsequently used in a slightly different PSCO assignment 121 

formulation (model M2 in Section 4.2). The third approach also predicts the number of 122 

deficiencies each PSCO can identify for each ship. However, instead of minimizing the 123 

MSE as in the second approach, this approach adopts a loss function motivated by the 124 

structure of the optimization problem. It aims to minimize the mean squared difference 125 

regarding the overestimates (i.e., predicted value minus actual value) in the numbers of 126 

deficiencies that can be detected among the PSCOs for each ship (denoted by MSO for 127 

short). The prediction results are then applied to a PSCO assignment formulation 128 
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(model M2 in Section 4.2). We demonstrate, on the basis of the three approaches, that 129 

(i) there may be different choices of targets to predict in the prediction model and then 130 

feed the targets into an optimization model and (ii) the structure of the optimization 131 

model may provide useful information to guide the training of the prediction model, 132 

even if the overall prediction and optimization procedure is sequential. Therefore, 133 

prediction models that show worse performance regarding classical regression metric 134 

(e.g. MSE) would not necessarily generate worse decisions in the following 135 

optimization models. Besides, we have rigorously proved that the optimization models 136 

can be solved in polynomial time of the length of its input parameters.  137 

Second, from a practical point of view, we address a meaningful problem in 138 

maritime transportation. Improving inspection efficiency and effectiveness is a critical 139 

measure for PSC MoUs to guarantee maritime safety and protect the marine 140 

environment. One key point is realizing accurate identification of the deficiencies of 141 

the coming ships, which benefits from accurate prediction. Based on the three 142 

prediction models and the optimization model proposed in this study, the expertise of 143 

PSCOs can be fully utilized in dealing with various deficiency conditions of the ships. 144 

Particularly, compared with random assignment of PSCOs, the proposed three models 145 

can help to detect 4.70%, 4.55%, and 4.86% more deficiencies, respectively, after 146 

inspecting the same groups of ships by using the same PSCO resources. Comprehensive 147 

robustness analysis shows that even if there may be some uncertainties in measuring 148 

the expertise of PSCOs, the PSCO assignment scheme generated by the third proposed 149 

model can still identify more than 90% of the real deficiencies and significantly 150 

outperforms random PSCO assignment. From the perspective of application, as 151 

reported by Tokyo MoU, there were totally 31,589 PSC inspections and the total 152 

number of deficiencies detected was 73,441 in 2017 (Tokyo MoU, 2018a). This 153 

indicates that the average number of deficiencies of one ship in one PSC inspection is 154 

about 2.32. If our models are applied, about 3,569 more deficiencies can be detected 155 

(as 4.86% more deficiencies can be identified compared with random PSCO 156 

assignment), which can be viewed as inspecting about 1,538 more ships with the same 157 

inspection resources. Therefore, human, material and financial resources could be saved 158 

if the inspection efficiency is improved.  159 

 160 

2. Literature review 161 

As PSC inspection plays a vital role in guaranteeing maritime safety and protecting 162 

the marine environment, a large and growing body of literature has investigated 163 

different aspects of PSC inspection (Yan and Wang, 2019). These studies can be 164 
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classified into three main categories: studies of the influence of port state control, 165 

studies of MoU management, and studies of improving the efficiency of PSC inspection. 166 

As our research topic lies in the areas of comments on MoU management and 167 

improving PSC inspection efficiency, recent and related studies of the two areas are 168 

reviewed. 169 

2.1 Comments on MoU management 170 

Although the effectiveness of PSC inspections in improving the safety level of 171 

maritime transport has been widely recognized by industry and academia, there are still 172 

critical challenges faced by port state authorities. One of the biggest challenges is the 173 

discrepancy in the inspection process and criteria among different PSC MoUs, port 174 

states of the same MoU, and even PSCOs at the same port. More specifically, variations 175 

in the treatment of vessels across the MoUs were identified and reported by Sampson 176 

and Bloor (2007), Knapp and Franses (2007), Knapp and van de Velden (2009), and 177 

Kara (2016), and the differences in inspections within the same MoU were found by 178 

Bateman (2012), Graziano et al. (2018b), and Şanlıer (2020), while the different 179 

treatment caused by different backgrounds and expertise of the PSCOs was investigated 180 

by Ravira and Piniella (2016) and Graziano et al. (2017, 2018a). It is of vital importance 181 

to achieve harmonization in PSC inspections, or the ship operators will recognize that 182 

they no longer necessarily gain a great deal from efforts to comply with regulations and 183 

thus substandard ships will “port shop”, i.e., choose to call the ports with looser PSC 184 

inspection criteria.  185 

The models proposed in this paper could help to address the problems brought 186 

about by the diverse backgrounds and expertise of PSCOs at the same port by matching 187 

the ship deficiency conditions with PSCOs’ expertise. Besides, the phenomenon of 188 

“port shop” can also be alleviated by improving inspection efficiency. 189 

2.2 Improving the efficiency of PSC inspection  190 

A general PSC inspection contains four main steps: ship selection when foreign 191 

ships come to the port state, assignment of PSCOs to inspect the selected ships, 192 

conduction of ship inspection, and making and recording decisions on the inspection 193 

results. A great deal of previous research into the PSC inspection process has focused 194 

on improving the efficiency of ship selection for port state authorities. A risk-based 195 

Bayesian network (BN) model was developed by Yang et al. (2018a) to predict the 196 

detention probabilities of the coming ships while another data-driven BN model was 197 

proposed by Wang et al. (2019) to predict the total deficiency number of the coming 198 

ships based on various influencing factors. Based on the outcomes of the BN model 199 

proposed by Yang et al. (2018a), Yang et al. (2018b) developed a strategic game model 200 
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to figure out the optimal inspection rate for the port state authorities. By examining 201 

several databases, a four-step protocol which considered ship detention risk and the 202 

incident risk was presented to rank the ships according to their risk level (Heij and 203 

Knapp, 2019).  204 

To improve the efficiency of ship inspection process, several studies have 205 

investigated the correlations among the detected deficiencies and the correlations 206 

among those deficiencies and the external factors, such as ship age, ship type, and ship 207 

gross tonnage (GT). The major measure adopted is the association rule mining 208 

technology. Tsou (2018) used association rule mining methods to examine the 209 

relationship among the deficiencies as well as the relationship of the external factors 210 

and the detected deficiencies in the detained ship database of Tokyo MoU. Yan et al. 211 

(2019) developed two inspection schemes for PSC inspection based on the probabilities 212 

of the occurrence of deficiencies in the database and the application of the association 213 

rule mining algorithm to those deficiencies.  214 

Several studies have discussed and analyzed the factors that would influence the 215 

results of PSC inspection, including detected deficiencies and ship detention. By 216 

adopting econometric models, it was shown that ship generic factors, such as ship age, 217 

flag, and type would have determinant impact on the reported deficiency number 218 

(Cariou et al., 2007). Factors leading to a large number of deficiencies and ship 219 

detention were also analyzed and identified (Cariou and Wolff, 2015; Chen et al., 2019). 220 

Apart from ship-related factors, differences in MoUs, port states, and PSCOs could also 221 

lead to diversities in deficiency identification and detention decisions (Knapp and 222 

Franses, 2007; Ravira and Piniella, 2016; Şanlıer, 2020).  223 

Although there are a large number of studies on improving the PSC inspection 224 

efficiency, to the best of our knowledge, there is no literature on developing PSCO 225 

assignment schemes to improve inspection efficiency by considering the expertise and 226 

backgrounds of PSCOs and the deficiency conditions of the ships.  227 

 228 

3. Data description and the PSCO assignment problem 229 

The Asia Pacific Computerized Information System (APCIS) provided by the 230 

Tokyo MoU and World Register of Ships (WRS) database are used in this study. APCIS 231 

is a public website based database of PSC inspections conducted by the member 232 

authorities of the Tokyo MoU. It contains ship generic information and historical PSC 233 

inspection records within the Tokyo MoU (including the specific deficiencies detected 234 

for each inspected ship). WRS is a comprehensive database providing hundreds of 235 

features on ship construction, engine, dimension, registration, ownership, fixtures, and 236 
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class, etc. We select the most relevant features of PSC inspection from WRS based on 237 

the literature. The features selected from APCIS and WRS are combined by ship IMO 238 

number, and there are 15 input features in total. The description of the features and their 239 

statistical information used in this study are provided in Table 2. For ships that have 240 

never had any inspection within Tokyo MoU, the values for “last inspection time”, “last 241 

deficiency number” and “follow-up inspection rate” are set to be “none” (not included 242 

in Table 2).  243 

Table 2. Description of input features 244 

 245 

* Note: Ship flag performance, recognized organization (RO) performance, and company performance 246 
are calculated based on flag Black-Grey-White list, RO performance list, and company performance list 247 
provided by Tokyo MoU, respectively. The performance of the flags on white-list is better than those on 248 
grey-list, and much better than those on black-list. For RO and company, the performance gets worse in 249 
the sequence of “high”, “medium”, “low”, and “very low”. If the performance of the ROs and companies 250 
is not shown on the lists, the performance state is recorded as “not listed”. 251 

We use a total of 2,000 inspection records at the Hong Kong port in 2016 (638 252 

records), 2017 (641 records) and 2018 (721 records) in our study. One thing that needs 253 

to be mentioned is that collecting data from the two databases is a time-consuming task: 254 

due to the various data fields and the structure of the database, “copy-paste” is needed 255 
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for data collection. We use the PSC inspection records at the Hong Kong port because 256 

we have visited the Marine Department of Hong Kong Special Administrative Region 257 

(HKSAR) and discussed with the PSCOs here for several times. We learned that the 258 

PSC Section of Hong Kong Marine Department has four PSCOs who are all 259 

experienced experts in all aspects of PSC. Besides, it is required that a PSCO should 260 

participate in strict trainings and assessments before becoming a qualified PSCO 261 

according to the requirements of the Hong Kong Marine Department, and the PSCOs 262 

also need to attend regular training programs and seminars. Therefore, we suppose that 263 

the PSCOs at the Hong Kong port can identify all the deficiencies in each category for 264 

each inspected ship. Nevertheless, it should be noted the PSCOs at some ports may not 265 

be that experienced, and thus the Tokyo MoU has developed several co-operation 266 

programs to enhance consulting, cooperating and exchanging information among the 267 

authorities (Tokyo MoU, 2018a). The models proposed in our study aiming to match 268 

the ship conditions with the PSCOs’ expertise can also be viewed as a type of 269 

cooperation and thus are more suitable for those ports with PSCOs of divergent 270 

expertise. We randomize the whole dataset and divide it into training set, validation set 271 

and test set with each containing 70%, 15% and 15% of all data entries, i.e.,1400, 300 272 

and 300 data entries, respectively. 273 

According to the working process of the PSC authorities, in the morning of each 274 

day, a set of ships (denoted by S ) to be inspected will be selected among all the ships 275 

coming to the port state on that day. A total of P  PSCOs will then be assigned for ship 276 

inspection. It is not uncommon that some PSCOs have limited expertise in some aspects 277 

of PSC because of limited work experience and training. It is, therefore, valuable to 278 

leverage historical inspection data and predict the number of deficiencies in each 279 

category for each ship, and based on the predicted number, to assign PSCOs with the 280 

relevant expertise to inspect the ships. Let 4C    be the number of categories of 281 

deficiencies (i.e. ship safety, ship management, ship condition and structure, and 282 

communication and navigation mentioned in Section 1). The expertise of PSCO p  for 283 

inspecting deficiency category c   is denoted by pcu  , 1,...,p P  , 1,2,3,c C  . pcu   is 284 

actually the percentage of deficiencies of category c  that can be detected by PSCO 285 

p  , and 0 1pcu   . The smaller pcu   is, the more deficiencies in c   are likely to be 286 

ignored by PSCO p  . The expertise (which is represented by percentage) can be 287 

evaluated by tests, questionnaires, and interviews. Considering the workload for the 288 

PSCOs, we further require that the maximum number of ships that a PSCO can inspect 289 

for each day is  . We try to assign the available PSCOs to the selected ships in a way 290 

that maximizes the total number of deficiencies in all the C  categories of all the ships 291 
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that can identified. 292 

The prediction and optimization models proposed in this study work in the 293 

following way: deficiency prediction models with three different targets/model 294 

structures are first developed. Based on the prediction results, optimization models for 295 

PSCO assignment to maximize the inspection efficiency are then proposed. Several 296 

comparisons are made and comprehensive sensitivity analyses is conducted to generate 297 

managerial insights and validate the robustness of the models.  298 

 299 

4. Prediction and optimization approaches 300 

In our prediction and optimization approaches, a prediction model is first developed 301 

to predict the key unknown parameters in the optimization model. Based on the 302 

predicted values, an optimization model is then constructed to generate decisions. 303 

Particularly, we propose three prediction models denoted by MTR-RF1, MTR-RF2, and 304 

MTR-RF3 and two assignment models denoted by M1 and M2 with details provided in 305 

Table 3. 306 

Table 3. Prediction and optimization models 307 
Model Prediction targets Splitting 

criteria  

Decision 

trees 

Assignment 

model 

Assignment 

decision 

MTR-RF1 Number of deficiencies under 

each deficiency category 

MSE ( )MTRf x  M1 A1 

MTR-RF2 Number of deficiencies 

identified by each PSCO 

MSE ( )MTRf  x  M2 A2 

MTR-RF3 Number of deficiencies 

identified by each PSCO 

MSO ( )MTRf  x  M2 A3 

 308 

4.1 Prediction of natural targets and optimization 309 

It is natural to predict the number of deficiencies in each category for each ship 310 

based on historical records. Therefore, we first develop random forest regression model 311 

(denoted by MTR-RF1) to predict the number of deficiencies in each category for each 312 

ship based on the features in Table 2. 313 

4.1.1 Prediction model 314 

We use random forest (RF) as the prediction model. RF is a state-of-the-art machine 315 

learning model with high accuracy and is widely used (Friedman et al., 2001; Liaw and 316 

Wiener, 2002; Breiman, 2017). Since constructing a decision tree is a sub-procedure, 317 

we present decision tree in Section 4.1.1.1. and RF in Section 4.1.1.2. 318 

4.1.1.1 Multi-target regression (MTR) tree 319 

Decision tree (denoted by DT for short) is a popular supervised machine learning 320 

model. At the beginning, all the training examples are stored in the root node. Then, the 321 
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root node is recursively split into successive nodes which contains subsets of the 322 

training set until coming to the preset stopping criterion or the current node cannot be 323 

further split (i.e. all the examples are of the same output value). Each split of the nodes 324 

in the decision tree aims to reduce the variance among the records in the successive 325 

nodes. According to the target, decision trees that predict categorical target are called 326 

classification trees while decision trees that predict numerical target are called 327 

regression trees. The target is one-dimensional in traditional decision tree while the 328 

targets can be multi-dimensional in multi-target regression (MTR) tree (Blockeel and 329 

De Raedt, 1998). In this study, the outputs are four-dimensional (either the number of 330 

deficiencies under the four categories or the number of deficiencies detected by the four 331 

PSCOs), and thus the MTR trees are constructed by using classification and regression 332 

tree (CART) algorithm (Friedman, 2001; Harrington, 2012; Breiman, 2017). The 333 

procedure is as follows (Blockeel, 1998; Friedman et al., 2001). 334 

The input information for decision tree construction contains the training dataset 335 

and termination conditions. We denote the set of J  input features as 
1 2( , ,..., )Jx x x  and 336 

the set of K  targets as 
1 2( , ,..., )Ky y y . An input feature is denoted by 

jx , 1,...,j J , 337 

and the value set of this feature is denoted by j . A specific value of this feature is 338 

denoted by 
jw , j jw  . For example, for the variable ship-flag-performance which 339 

has four states: white, grey, black, and not listed, the states are first changed to numbers, 340 

with 1 representing white, 2 representing grey, 3 representing black, and 4 representing 341 

not listed. Then, we can have {1,2,3,4}j  . A target is denoted by 
ky , 1,...,k K  and 342 

4K   . In addition, we denote the training dataset containing N   data entries as 343 

{( , ), ( , ),..., ( , )}1 1 2 2 N ND  x y x y x y . We use 1,...,e N  to refer to both an inspection record 344 

and the ship in the current record. Notably, if a ship is inspected several times, its 345 

inspection records are treated independently. A data entry is denoted by ( , )e e
x y  with 346 

1,...,e N  , where = ( , ,..., ,..., )e e1 e2 ej eJx x x xx   contains J   features and 347 

= ( , ,..., ,..., )e e1 e2 ek eKy y y yy   contains K   targets. The construction process of a CART-348 

based MTR tree requires finding the best split pair * *

*( , )jj w , *

* *j jw   of the nodes that 349 

minimizes the total within-subset variation in the two successive nodes when splitting. 350 

Denote the set of I  termination conditions as 
1 2 3( , , ,..., )I     . The main steps to 351 

construct an MTR tree are presented as shown in Procedure 1 in Appendix A. 352 

In our problem, we choose the 15 features in Table 2 as x  ( 15J  ) and the number 353 

of deficiencies in each category as y  ( 4K  ). For each ship in record 1,...,e N , the 354 

input features are = ( , ,..., ,..., )e e1 e2 ej eJx x x xx . Because we have several machine learning 355 

models, in this model we represent the targets by 3= ( , , , )e e1 e2 e eC   α  instead of using 356 
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y , where ec  is the number of deficiencies in category c , 1,...,c C  (we use C  to 357 

represent the number of deficiency categories instead of using K ) of ship e , and then  358 

1 2

1 1 1 2 2 2

2 2

* *

*
( ,..., ) ( , ) 1 ( , ) ( , ) 1 ( , )1 2

1 1
( , ) arg min

| ( , ) | | ( , ) |J 1 j j j j
j j

C C
e c e cec ec

j
j x x e R j w c e R j w e R j w c e R j wj j
w

j w
R j w R j w

   
      


    
       

        

        (1) 359 

where 
0( , ) { | }ej

1 j jR j w e R x w    and 
0( , ) { | }ej

2 j jR j w e R x w   . 360 

4.1.1.2 Random forest 361 

Like traditional DTs, the MTR trees can also be ensembled by using bagging 362 

(Breiman, 1996) and bootstrapping (Breiman, 2001) to reduce overfitting and increase 363 

prediction accuracy. In this study, we adopt random forest (which is based on bagging) 364 

to ensemble MTR trees proposed in Section 4.1.1.1. Compared to a single decision tree, 365 

the decision trees contained in the RF have two layers of randomness: a new training 366 

set generated by bootstrapping (i.e. randomly selecting a certain number of samples 367 

from the whole dataset with replacement) in the original training set is used to construct 368 

each decision tree, and a subset (with a preset fixed size) of all features is used to split 369 

each node in each decision tree (Friedman et al., 2001). A detailed construction 370 

procedure of MTR tree based random forest (MTR-RF) model is provided in Appendix 371 

B (Breiman, 2001; Kocev et al., 2007).  372 

4.1.2 Optimization model 373 

Among all the foreign ships visiting the port, the ships to be inspected are selected 374 

based on guidelines provided by the Tokyo MoU (2018). For each ship s S  selected 375 

to be inspected, we can only obtain its input features, while the number of deficiencies 376 

under deficiency category c  is unknown. With a little abuse of notation, we denote the 377 

unknown number of deficiencies in category c  of ship s  by sc , s S , 1,2,3,c C  378 

( ec  is the known number of deficiencies in category c  of ship e  in the training set, 379 

1,...,e N  ). The predicted values of sc  , denoted by ˆ sc  , s S  , 1,2,3,c C  , can be 380 

obtained by using the RF model proposed in Section 4.1.1.2. To achieve the maximum 381 

inspection efficiency, the sum of the product of the estimated deficiency number of each 382 

deficiency category and the corresponding inspection expertise of that deficiency 383 

category of the assigned PSCO (denoted by “inspection expertise” for short) should be 384 

as large as possible. The justification for matching the deficiency categories with the 385 

expertise of PSCOs is as follows. The decision (outcome) of a PSC inspection contains 386 

ship deficiency (specific deficiency types and total deficiency number) and ship 387 

detention. During a PSC inspection, the PSCO gets onboard and inspect the condition 388 

of the ship. For any condition that is not in compliance with the related regulations and 389 
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conventions, it will be recorded as a deficiency. On the contrary, ship detention is not 390 

directly observed; instead, it is determined by the detected deficiencies and the PSCOs’ 391 

judgement. Therefore, if the deficiency condition of the ships can be matched with the 392 

expertise of the PSCOs, the most proper PSCO (who can identify the existing 393 

deficiencies as many as possible and make rational detention decision) can be assigned 394 

to inspect the ship for better ship deficiency identification and detention decision 395 

making. Following this idea, we define binary decision variable psz  that is set to 1 if 396 

PSCO p  is assigned to inspect ship s  and 0, otherwise, and the PSCO assignment 397 

model can be expressed by mathematical model M1.  398 

[M1]  399 

 
1

ˆmax
P C

sc

pc ps

p s S c=1

u z
 

   (2) 400 

subject to 401 

 , 1,...,ps

s S

z p P


     (3) 402 

 
1

1,
P

ps

p

z s S


    (4) 403 

 {0,1}, 1,... , .psz p P s S     (5) 404 

Objective (2) maximizes the inspection expertise of the PSCOs by maximizing the sum 405 

of the product of the estimated deficiency number under each deficiency category and 406 

the expertise of the selected PSCO for that corresponding deficiency category for all 407 

inspected ships. Constraints (3) limit the maximum number of ships that can be 408 

inspected by a PSCO for one day. Constraints (4) guarantee that each ship is inspected 409 

by one PSCO. Constraints (5) ensure the domain of the decision variable.  410 

Although model M1 is an integer program, it has the following nice property, whose 411 

proof is in Appendix C. 412 

Proposition 1: Model [M1] can be solved in polynomial time of the length of the input 413 

parameters.   414 

Proposition 1 implies that the PSCO assignment model [M1] is an easy problem: even 415 

if there are hundreds of ships and tens of PSCOs, [M1] can be solved efficiently (e.g., 416 

in less than 1 second).  417 

 418 

4.2 Prediction of coefficients in the objective function of optimization model 419 

4.2.1 Prediction model 420 

In model M1, the coefficients of the decision variables in the objective function are 421 
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ˆ
C

sc

pc

c=1

u , s S  and 1,...,p P . Therefore, instead of predicting sc  (i.e. the number 422 

of deficiencies in category c  for ship s ), we can directly predict 
C

sc

pc

c=1

u  (i.e. the 423 

total number of deficiencies of ship s   that can be detected by PSCO p  ). Define 424 

C
sp sc

pc

c=1

u   , s S   and 1,...,p P  . For ship s  , 1= ( ,..., ,..., )s s sp sP  β   denotes the 425 

number of deficiencies that can be detected by assigning PSCO 1,...,p P . The values 426 

for sp  (and thus s
β ) can be predicted by using the RF models developed in Section 427 

4.1.1.2, and the prediction model is denoted by MTR-RF2. The predicted values 428 

generated by MTR-RF2 are denoted by ˆ sp . The procedure of constructing the MTR 429 

trees ( )MTRf  x  in MTR-RF2 is slightly different from the ( )MTRf x  in MTR-RF1: a data 430 

entry ( , )e e
x β  represents ship s , where the input features are = ( , ,..., ,..., )e e1 e2 ej eJx x x xx , 431 

15J   , and the targets are 1= ( ,..., ,..., )e e ep eP  β  . Both MTR-RF1 and MTR-RF2 432 

generate multi-dimensional targets: MTR-RF1 has C   targets for the deficiency 433 

numbers under C   deficiency categories while MTR-RF2 has P   targets for the 434 

deficiency numbers identified by the P  PSCOs. In particular, the choice of the best 435 

split in Step 1 in Procedure 1 for constructing an MTR tree should be revised as   436 

1 2

1 1 1 2 2 2

* * 2 2

*
( ,..., ) ( , ) 1 ( , ) ( , ) 1 ( , )1 2

1 1
( , ) arg min ( ) ( )

| ( , ) | | ( , ) |J 1 j j j j
j j

P P
e p e pep ep

j
j x x e R j w p e R j w e R j w p e R j wj j
w

j w
R j w R j w

   
      


 
    

  
        (6) 437 

where 
0( , ) { | }ej

1 j jR j w e R x w    and 
0( , ) { | }ej

2 j jR j w e R x w   . 438 

 439 

4.2.2 Optimization model 440 

 Based on the predicted values ˆ sp , optimization model M1 can be reformulated 441 

as 442 

[M2]  443 

 ˆmax
P

sp

ps

p=1 s S

z


   (7) 444 

subject to constraints (3) to (5). The structure of [M2] is the same as that of [M1] and 445 
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hence [M2] can also be solved as a linear program. 446 

 447 

4.3 Prediction of fundamental parameters that are fed into the optimization model 448 

It is common that to predict the values ˆ sp  in [M2], we try to minimize the sum 449 

of squared errors between the predicted value and the actual value, as shown in Eq. (6). 450 

However, a closer examination into the structure of the optimization model [M2] 451 

reveals that if the predicted number of deficiencies the P  PSCOs can identify for a 452 

ship are overestimated or underestimated by the same value, the final optimal 453 

assignment decision will not be influenced. We use the following example to illustrate 454 

this finding: 455 

Example: For any ship that is selected to be inspected, if the actual numbers of 456 

deficiencies four PSCOs can identify are 6, 7, 8, and 9, but the predicted numbers are 457 

8, 9, 10, and 11 (i.e. all four outputs are overestimated by “2”), then the optimal 458 

assignment is not changed and we should assign PSCO 4 to inspect the ship. If the 459 

predicted number are 5, 6, 7, 8 (i.e. all four outputs are underestimated by “1”), then 460 

the optimal assignment is also not changed and we should assign PSCO 4 to inspect the 461 

ship.  462 

Generally, if the actual numbers of deficiencies the P  PSCOs can identify for a 463 

ship are 
1n , 

2n , …, 
Pn , but the predicted numbers are 

1n  , 
2n  ,…, 

Pn   ( R  ; 464 

if 0   , 
1 2| | min( , ,..., )Pn n n   ), then the resulting prediction errors do not adversely 465 

affect the PSCO assignment decision, because it is the difference in the predicted 466 

numbers among the PSCOs, rather than the absolute prediction values, that affects the 467 

assignment decision. Based on this observation, the third approach (denoted by MTR-468 

RF3) minimizes the squared difference regarding the overestimates (i.e., predicted 469 

value minus actual value) in the predicted numbers of deficiencies among the PSCOs 470 

and then uses the prediction in a PSCO assignment formulation (model M2 in Section 471 

4). The prediction model is revised as follows. 472 

Decision trees contained in MTR-RF3 is denoted by ( )MTRf  x . Splitting criterion 473 

of ( )MTRf  x  is changed to minimize the sum of variance of the predicted deficiencies 474 

that can be detected by each PSCO for each ship. More specifically, in Procedure 1, the 475 

best split pair * *

*( , )jj w  of the current splitting node is calculated by  476 

1 1

1 1 1 1

1
2 2

2 2 2 2

1
'' 2

( , ) 1 ' 1 ( , ) ( , )1 1* *

*
( ,..., ) ''

( , ) ( ,2 2

1 1
(( ) ( ))

| ( , ) | | ( , ) |
( , ) arg min

1 1
(( ) (

| ( , ) | | ( , ) |

1 j j j

J

j j

j j

P P
e p e pep ep

e R j s p p p e R j w e R j wj j

j
j x x e p e pep ep
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R j w R j w
j w
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   

   



     




 

   



  

    


2

1
2

( , ) 1 ' 1 )

))
j

P P

e R j s p p p



   

 
 
 
 
 
  
   

. (8) 477 

The predicted numbers of deficiencies that can be detected by each PSCO given by 478 
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MTR-RF3 based on Eq. (8) are then input to optimization model M2 to generate PSCO 479 

assignment decisions.  480 

5. Computational experiments 481 

5.1 Construction of MTR-RF  482 

5.1.1 Introduction of hyperparameters in RF 483 

A hyperparameter in machine learning is a parameter used to control the learning 484 

process and whose value is set before the learning process begins. As RF is an 485 

ensembled machine learning model which contains DTs as weak learners, an RF model 486 

has hyperparameters to control the overall structure and properties of the RF as well as 487 

those for its DTs. Hyperparameters for DTs are mainly used to control the complexity 488 

and serve as the regularization of the model. The hyperparameters for RF are 489 

summarized below. 490 

(a) n_estimators: the total number of DTs contained in an RF model. As the main 491 

principle underlying bagging is that more trees are better while too few trees can lead 492 

to unstable performance, this hyperparameter should be set to the largest 493 

computationally manageable value and do not need to be tuned (Breiman, 2001; Probst 494 

and Boulesteix, 2017).  495 

(b) max_features: the number of features considered for each split. The value range of 496 

this hyperparameter is from 1 to the total number of features in the dataset and it is an 497 

integer. Too small value will negatively affect the average performance of the trees, 498 

while too large value will reduce the randomness of each tree and thus badly influence 499 

the overall performance. Denote the total number of features as n_features, 500 

n_features = J =15 . It is suggested setting max_features= n_features / 3    for regression trees 501 

(Friedman et al., 2001; Probst et al., 2019).  502 

(c) max_depth: the maximum depth of each DT in the RF model. The depth of a leaf is 503 

the number of splits taken from the root node to that leaf node (Elmachtoub et al., 2020). 504 

The value range of this hyperparameter can be set from one to unlimited and it is an 505 

integer. Larger value of max_depth leads to more complex single trees. 506 

(d) min_samples_leaf: the minimum number of examples required to be at a leaf node. 507 

The minimum value for this hyperparameter is 1 and it is an integer. Smaller value of 508 

min_samples_leaf leads to more complex single trees. It is recommended to set the 509 

value of min_samples_leaf to be 5 for regression models by default (Friedman et al., 510 

2001).  511 

Hyperparameters (a) and (b) control the overall structure and the property of 512 

randomness of RF, while hyperparameters (c) and (d) are related to each DT. It should 513 
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also be noted that in practice the best values for these parameters will depend on the 514 

problem, and should be treated as tuning parameter (Friedman et al., 2001). 515 

5.1.2 Hyperparameter tuning in RF 516 

Hyperparameters can have a large impact on model performance and generalization 517 

ability. Although it has been proved that RF models will not overfit, several studies 518 

have shown that tuning the hyperparameters in RF would yield slightly better 519 

performance and generalization ability (Biau and Scornet, 2016; Probst et al., 2018). In 520 

this study, we aim to tune three hyperparameters: max_features, max_depth, and 521 

min_samples_leaf which can only take integer values by using a training set and a 522 

validation set. We choose MSE as the performance evaluation measure for MTR-RF1 523 

and MTR-RF2 and MSO in the predicted ship deficiency number that can be identified 524 

among the PSCOs as the performance evaluation measure for MTR-RF3. To tune the 525 

three hyperparameters, we propose a revised grid search method. Denote the pre-526 

defined set containing all the possible values for a hyperparameter as its constrained 527 

value space. Unlike the classical grid search which exhaustively considers all 528 

hyperparameter combinations in the constrained value spaces to form the grid, the 529 

revised grid search method could gradually reduce the search space by iteration. The 530 

procedure to tune the hyperparameters by the revised grid search is presented in 531 

Appendix D. In this study, the default value for max_features should be 5 (recall that 532 

we have 15 input features) and min_samples_leaf should be 5. To form the constrained 533 

value space, we extend the value spaces of the two hyperparameters by 534 

increasing/decreasing the default value to the same extent, i.e. we set the constrained 535 

value space for max_features as {3,4,5,6,7}   and for min_samples_leaf as 536 

{2,3,4,5,6,7,8}  . For the constrained value space of max_depth, as there is no 537 

recommended default value, we set it to be a moderate range as {4,5,6,7,8} .  538 

 539 

5.2 Performance of the MTR-RF models and PSCO assignment schemes 540 

5.2.1 Experiment settings and hyperparameters in MTR-RF 541 

The settings in the numerical experiments are in accordance with the real situation 542 

at the Hong Kong port: there are 4 available PSCOs, and about 10 ships are selected for 543 

inspection every day with 2 to 3 ships assigned to one PSCO. We further assume that 544 

PSCO 1 is good at dealing with deficiency category C1, PSCO 2 is good at dealing with 545 

deficiency category C2, PSCO 3 is good at dealing with deficiency categories C3 and 546 

C4, and PSCO 4 is good at dealing with deficiency categories C4. The assumed 547 

expertise of each PSCO to inspect each deficiency category is presented in Table 4. 548 

After applying the revised grid search method to the three hyperparameters under the 549 

given constrained value spaces in MTR-RF1, MTR-RF2, and MTR-RF3, the best 550 

hyperparameter tuples for the three models are shown in Table 5. 551 
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Table 4. Expertise of each PSCO in each deficiency category 552 

PSCO/deficiency category C1 C2 C3 C4 

PSCO 1 0.8 0.5 0.7 0.6 

PSCO 2 0.7 0.9 0.4 0.5 

PSCO 3 0.7 0.6 0.8 0.7 

PSCO 4 0.4 0.7 0.6 0.7 

Table 5. Best hyperparameter tuples for MTR-RF1, MTR-RF2, and MTR-RF3 553 

Model max_features max_depth min_samples_leaf 

MTR-RF1 4 8 5 

MTR-RF2 4 7 3 

MTR-RF3 6 8 4 

 554 

After finding the optimal hyperparameter tuple for each model by using the training 555 

set and the validation set, in the following experiments we form a new training set by 556 

combining the current training and validation sets, and thus it contains 1,700 inspection 557 

records at the Hong Kong port. The test set contains another 300 inspection records at 558 

the Hong Kong port. We randomly and evenly divide them into 30 groups where each 559 

group contains 10 ships. We assume that the 10 ships in a group come to the port on 560 

one day and the totally 300 ships come to the port on 30 days. We also require that the 561 

maximum number of ships that can be inspected by one PSCO is three.  562 

5.2.2 Performance of the three MTR-RF models 563 

We set n_estimators = 200 for the proposed three MTR-RF models. Each MTR-RF 564 

model is trained by using the new training set and the hyperparameter tuple tuned by 565 

the revised grid search. Run each of the MTR-RF model 10 times, and the min, max, 566 

mean, and variance of MSE/MSO on the test set in the 10 runs for the three models are 567 

shown in Table 6. It can be seen that the min, mean, and max values of MSE of MTR-568 

RF1 are all much smaller than those in MTR-RF2. The differences are caused by the 569 

values of the prediction targets in the MTR-RF models: in MTR-RF1, the prediction 570 

targets are the deficiency number under each deficiency category; while in MTR-RF2, 571 

the prediction targets are the total number of deficiencies a PSCO can detect if she/he 572 

is assigned to inspect the ship. Besides, it is shown that the min, mean, and max values 573 

of MSE of MTR-RF2 are all smaller than those of MTR-RF3, which indicates that 574 

MTR-RF2 performs better than MTR-RF3 as a regression model evaluated by MSE. 575 

The differences in MSE between MTR-RF2 and MTR-RF3 are caused by the property 576 

of the MTR-RF models: the splitting criteria in MTR-RF2 is to reduce the MSE in 577 

successive nodes while those in MTR-RF3 is to reduce MSO. In addition, the variance 578 

in each model is small, which implies that the performance of MTR-RF containing 200 579 

MTR trees is stable. 580 

 581 

 582 
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Table 6. Prediction performance of MTR-RF1, MTR-RF2, and MTR-RF3 583 
Model Metric Min Mean Max Variance 

MTR-RF1 MSE  3.9756  4.0173  4.0762 0.0009 

MTR-RF2 MSE 15.4953 15.8342 16.1237 0.0437 

MTR-RF3 MSE 16.7775 17.1684 17.5571 0.0443 

MTR-RF3 MSO  3.0242  3.0513  3.0863 0.0002 

Table 6 shows that compared to the prediction outputs of MTR-RF3, the outputs of 584 

MTR-RF2 have less variability. Meanwhile, even if the differences in the prediction 585 

targets of MTR-RF1 and MTR-RF2 are considered, the variability of MTR-RF1 is less 586 

than MTR-RF2. The reasons are as follows. For the difference between the variance of 587 

MTR-RF2 and MTR-RF3, the splitting criterion of the DTs is to minimize the MSE of 588 

ship deficiency number detected by each PSCO in MTR-RF2, whereas the splitting 589 

criterion of the DTs in MTR-RF3 is to minimize the MSO of ship deficiency number 590 

detected by each PSCO. Therefore, the target of the prediction generated by MTR-RF2 591 

is to make the outputs as close as to their real values, while the target of the prediction 592 

generated by MTR-RF3 is to make the differences of the overestimates of each two of 593 

the outputs as small as possible. As a result, MTR-RF3 generates more flexible 594 

prediction results and when evaluating the variance of the outputs, the variance of the 595 

outputs of MTR-RF3 is larger than MTR-RF2. For the difference between the variance 596 

of MTR-RF1 and MTR-RF2, recall that the prediction targets of MTR-RF1 only 597 

consider the deficiency number under each deficiency category while both the 598 

deficiency number and the PSCOs’ expertise in each deficiency category are considered 599 

in the prediction targets of MTR-RF2. Due to the nonlinearity of MTR-RF models, the 600 

impacts of the PSCOs’ expertise on the deficiency number in the outputs variability can 601 

be magnified. As a result, the uncertainties are propagated to the output predictions, 602 

which leads to higher variance in MTR-RF2 compared to MTR-RF1. 603 

5.2.3 Performance of the combined prediction and optimization model 604 

We assign PSCOs based on the prediction results (10 runs) in Section 5.2.1 to the 605 

30 groups of ships in accordance with the settings. The assignment decisions generated 606 

by assignment models based on MTR-RF1, MTR-RF2, and MTR-RF3 are denoted by 607 

A1, A2, and A3, respectively. Apart from making comparisons among the three models 608 

themselves, we also compare them with random assignment scheme and best 609 

assignment scheme in theory. The performance of random assignment scheme is the 610 

mean inspection expertise of 10,000 times of random PSCO assignment. The best 611 

assignment scheme in theory is making PSCO assignment decisions under the 612 

assumption that there is a perfect machine learning model that could predict the 613 

parameters for the optimization model totally accurate. However, this is an ideal 614 

situation that never exists because the generalization error cannot be zero. The 615 
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comparison results are shown in Table 7. We further analyze the randomness of A1, A2, 616 

and A3 by calculating the min and max values of the inspection expertise and the 617 

variance of inspection expertise among the 30 groups of PSCO assignment. The results 618 

are presented in Table 8. 619 

Table 7. Mean inspection expertise of the three models 620 
Group Inspection 

expertise of 

random PSCOs 

assignment  

Mean 

inspection 

expertise of 

A1 

Mean 

inspection 

expertise of 

A2 

Mean 

inspection 

expertise of 

A3 

Best 

inspection 

expertise in 

theory 

1 80.56 84.45 84.00 86.55 89.40 

2 44.03 45.67 46.42 46.18 48.30 

3 49.10 51.20 51.17 51.08 52.40 

4 39.24 39.27 39.65 39.00 43.00 

5 34.11 37.10 37.14 36.72 38.20 

6 25.36 26.86 26.72 27.13 28.30 

7 48.15 50.83 50.92 50.81 51.90 

8 61.70 64.10 63.97 64.21 67.10 

9 32.41 34.35 34.12 34.42 35.40 

10 20.22 20.80 20.74 21.23 23.10 

11 60.19 64.00 64.20 64.19 65.30 

12 33.69 35.11 35.11 34.84 36.80 

13 33.84 34.48 34.43 34.88 37.90 

14 37.98 38.60 38.14 38.20 41.60 

15 22.63 24.43 24.71 24.52 25.70 

16 63.36 66.45 66.22 66.88 69.50 

17 27.67 29.08 28.19 29.14 30.40 

18 38.16 38.82 38.56 38.60 40.80 

19 31.75 34.76 34.95 33.69 36.00 

20 44.36 47.58 47.85 47.67 49.50 

21 32.82 34.26 34.33 34.55 36.20 

22 31.22 34.19 33.80 34.27 35.10 

23 29.67 31.37 31.40 31.49 34.30 

24 33.42 34.09 33.99 34.36 37.00 

25 51.16 52.93 53.00 53.24 55.70 

26 23.23 25.18 24.99 24.07 26.60 

27 25.88 26.50 26.65 26.62 28.70 

28 60.52 61.99 62.02 62.28 65.60 

29 22.75 24.97 24.55 25.22 26.00 

30 27.88 28.50 28.15 27.57 31.10 

Average 38.90 

 

40.73 40.67 40.79 42.90 

Ratio* (90.68%) (94.94%) (94.80%) (95.08%) (100%) 

Note*: calculated by 1
    

    
0%

 
0

Average of mean inspection expertise

The best inspection expertise in theory
 . 621 
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Table 8. Randomness of model performance 622 
 Min inspection expertise Max inspection expertise Variance of inspection expertise 

Group/ 

inspection 

scheme 

A1 A2 A3 A1 A2 A3 A1 A2 A3 

1 83.4 83.7 83.4 86.3 85.7 87.1 1.4745 0.3600 1.1745 

2 44.3 45.2 45.6 46.5 47.2 46.5 0.6261 0.2456 0.0876 

3 51.2 50.9 50.3 51.2 51.2 51.2 0.0000 0.0081 0.0756 

4 38.7 39.0 38.9 40.2 40.7 39.3 0.2361 0.1925 0.0120 

5 37.1 37.1 35.1 37.1 37.5 37.1 0.0000 0.0144 0.3636 

6 26.3 25.7 26.7 27.7 27.7 28.0 0.2844 0.4556 0.1641 

7 50.7 50.8 50.8 50.9 51.2 50.9 0.0081 0.0096 0.0009 

8 63.1 63.1 63.1 65.0 65.0 65.0 0.4400 0.2181 0.4089 

9 33.6 33.8 34.0 34.8 34.8 34.8 0.2005 0.1216 0.0456 

10 20.3 20.0 20.7 20.9 21.3 21.4 0.0300 0.1544 0.0621 

11 64.0 64.0 64.0 64.0 64.7 64.7 0.0000 0.0940 0.0849 

12 35.1 33.9 33.8 35.2 35.7 35.8 0.0009 0.1989 0.5864 

13 33.2 33.2 34.2 35.7 35.5 35.3 0.5896 0.8121 0.0876 

14 38.0 37.6 37.6 39.6 38.3 39.6 0.4440 0.0504 0.5740 

15 23.9 23.9 24.2 24.8 25.2 25.4 0.0561 0.1049 0.1196 

16 65.4 65.5 66.7 67.2 66.6 66.9 0.4145 0.1416 0.0036 

17 28.1 27.8 28.1 29.4 28.8 29.4 0.2716 0.1029 0.2704 

18 38.7 38.3 37.9 38.9 38.9 38.9 0.0096 0.0404 0.2100 

19 33.6 33.6 32.6 35.6 35.6 34.3 0.5244 0.6585 0.2909 

20 47.2 47.5 47.2 48.0 48.0 48.0 0.0996 0.0525 0.0801 

21 33.8 33.8 33.8 34.7 34.8 35.1 0.1304 0.1161 0.1885 

22 33.4 33.4 33.4 34.6 34.6 35.1 0.2189 0.1800 0.2261 

23 30.5 30.3 31.4 31.6 31.6 31.6 0.0921 0.1420 0.0029 

24 33.8 33.8 33.9 35.4 34.3 35.7 0.2069 0.0289 0.3444 

25 52.7 53.0 52.7 53.2 53.0 53.5 0.0261 0.0000 0.0444 

26 24.6 24.3 23.6 25.3 25.3 24.8 0.0596 0.1509 0.1821 

27 25.7 26.2 25.9 26.7 26.7 26.8 0.1100 0.0225 0.0636 

28 61.3 61.3 61.3 62.7 63.0 63.5 0.2109 0.2316 0.6176 

29 24.5 24.1 25.0 25.2 25.0 25.3 0.0421 0.0565 0.0136 

30 27.1 26.8 27.1 30.3 30.3 29.6 1.9640 1.3205 0.8461 

Average 40.11 40.05 40.10 41.29 41.27 41.35 0.2924 0.2095 0.2411 

 623 

Table 7 shows that on average, all the three models can realize about 95% of the 624 

best inspection expertise in theory on average while A3 has the best performance 625 

regarding mean inspection expertise. Table 8 indicates that the performance of A1, A2, 626 

and A3 are stable. We can draw the following conclusions: 627 

(a) The performance of all the three newly proposed PSCO assignment schemes is 628 

stable and is much better than the performance of random PSCO assignment. This 629 
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shows that the PSCO assignment schemes generated by combining MTR-RF models 630 

with PSCO assignment models are efficient compared with the currently used random 631 

PSCO assignment at the port states.  632 

(b) The performance of A1 is better than A2, although they both use MSE as the splitting 633 

criterion for constructing the MTR-RFs. The difference between A1 and A2 is that they 634 

have different prediction targets. The prediction targets in A1 are the deficiency 635 

numbers under each deficiency category which are natural choices. Meanwhile, the 636 

prediction targets in A2 are the deficiency numbers that can be identified by each PSCO 637 

which also considers the expertise of PSCs and is determined by the parameters of the 638 

following optimization model. The difference in performance of A1 and A2 indicates 639 

that although different targets can be chosen for a combined prediction and optimization 640 

model, their performance can be divergent. 641 

(c) The performance of A3 is better than A2, although MTR-RF3 performs much worse 642 

as a regression model than MTR-RF2 if evaluated by MSE. This indicates that when 643 

combining machine learning model (e.g. decision tree and random forest) with 644 

optimization model, the choices for prediction targets, the properties of machine 645 

learning model (e.g. splitting criteria in decision trees), and model evaluation metrics 646 

can be varying. High-quality decisions are based on either precise prediction generated 647 

by the machine learning model or combination of the structure and property of the 648 

optimization model with the machine learning model.  649 

(d) Table 8 indicates that A2 has the least variance while A1 has the largest variance in 650 

the total inspection expertise generated by the optimal assignment among A1, A2, and 651 

A3. The possible reasons are as follows. Although the splitting criterion of MTR-RF2 652 

and that of MTF-RF3 is different, the outputs of MTR-RF2 and MTR-RF3 can serve as 653 

the parameters of the decision variables in the optimization model of A2 and A3 directly. 654 

On the other hand, the outputs of MTR-RF1 need to be further combined with the 655 

expertise of the PSCOs to serve as the parameters of the decision variables in the 656 

optimization model of A1. The further processing might magnify the variability of the 657 

total inspection expertise in the final optimal assignment decision, which leads to 658 

highest variance of A1 compared to A2 and A3. Although MTR-RF3 predicts the 659 

deficiency number detected by each PSCO like MTR-RF2, the splitting criteria in A3 660 

is not relevant to the values of the prediction targets directly like that in MTR-RF2. 661 

Therefore, MTR-RF3 has larger variance in the outputs compared to MTR-RF2 as 662 

shown in Table 6. When combining the prediction results as the input with the 663 

optimization models, the variability can be magnified. Therefore, A3 has the larger 664 

variance in the total inspection expertise generated by the optimal assignment decision 665 

compared to A2. 666 

An illustration of insights of the superiority of A3 is presented in Appendix E. We 667 
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also present the detailed inspection expertise under each deficiency category of A1, A2, 668 

and A3 as shown in Table 9. 669 

Table 9. Inspection expertise under each deficiency category 670 

Method/ 

deficiency 

category 

C1: ship safety C2: ship 

management 

C3: ship condition 

and structure 

C4: 

communication 

and navigation 

Original test set 630 478 289 407 

Best in theory 459.9 356.5 209.5 261 

A1 447.24 (97.25%) 309.03 (86.68%) 201.81 (96.33%) 263.84 (101.09%) 

A2 446.15 (97.01%) 309.10 (86.70%) 201.25 (96.06%) 263.59 (100.99%) 

A3 446.72 (97.13%) 316.39 (88.75%) 198.89 (94.94%) 261.61 (100.23%) 

It can be seen from Table 9 that A1, A2, and A3 can achieve more than 85% of the 671 

inspection expertise compared to the best situation in theory. Especially, except for C2: 672 

ship management, more than 95% of the best inspection expertise in theory can be 673 

achieved by the three combined prediction and assignment models. The results further 674 

indicate that all the three models that match PSCOs’ inspection expertise with ship 675 

deficiency condition are effective and accurate. 676 

 677 

5.3 Comparison with other state-of-the-art prediction models 678 

In this section, comparisons of the proposed tree-based prediction models with 679 

other state-of-the-art and popular prediction models are made. We select three machine 680 

learning models for prediction: ridge regression, the least absolute shrinkage and 681 

selection operator (LASSO) regression, and support vector regression (SVR) for 682 

comparison. Their performance of predicting the deficiency number under each 683 

deficiency category is presented in Section 5.3.1 and the total inspection expertise 684 

realized when combining with assignment models is presented in Section 5.3.2. 685 

5.3.1 Regression performance  686 

All the three models are implemented by using scikit-learn in Python with the 687 

hyperparameter tuples tuned by grid search on the validation set. Like the experiments 688 

in Section 5.2, we also run the three models 10 times with the optimal hyperparameter 689 

tuples. Their performance is shown in Table 10. 690 

Table 10. Prediction model performance 691 

Model Metric Min Mean Max Variance 

MTR-RF1 MSE  3.9756  4.0173  4.0762 0.0009 

MTR-RF2 MSE 15.4953 15.8342 16.1237 0.0437 

MTR-RF3 MSE 16.7775 17.1684 17.5571 0.0443 

Ridge regression MSE 15.9990 15.9990 15.9990 0 

LASSO regression MSE 25.0756 25.0756 25.0756 0 

SVR MSE 26.0432 26.0432 26.0432 0 

Table 10 indicates that the mean MSE of the outputs of ridge regression is smaller 692 

than that of MTR-RF3, while the mean MSE of the outputs of LASSO regression and 693 

SVR is bigger than that of MTR-RF2 and MTR-RF3. Besides, the outputs of the ridge 694 
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regression, LASSO regression, and SVR are determined once the hyperparameters of 695 

the three models are fixed, therefore their performance is quite stable. While in the tree-696 

based models, randomness in the outputs can still exist even if the hyperparameters are 697 

given.   698 

5.3.2 PSCO assignment performance  699 

We combine the prediction results generated by the three regression models with 700 

optimization model M2 and make comparison with A3 regarding the total inspection 701 

expertise, as A3 has the best performance in PSCO assignment among the proposed 702 

models. The assignment decision generated by combining ridge regression with M2, 703 

LASSO regression with M2, and SVR with M2 are denoted by A4, A5, and A6, 704 

respectively. Comparison results over the 30 groups of ships based on 10 runs are shown 705 

in Table 11. Randomness of model performance is resented in Table 12. 706 

Table 11. Comparison of PSCO assignment model performance 707 

 Random 

assignment 

A3 

(MTR-RF3+M2) 

A4 

(ridge+M2) 

A5 

(LASSO+M2) 

A6 

(SVR+M2) 

Best in 

theory 

Average 38.90 40.79 40.59 40.36 40.48 42.90 

Ratio* 90.68% 95.08% 94.62% 94.08% 94.36% 100% 

Note*: calculated by 1
    

    
0%

 
0

Average of mean inspection expertise

The best inspection expertise in theory
  708 

Table 11 shows that A3 achieves the highest inspection expertise among A3, A4, 709 

A5, and A6, which indicates the superiority of the combined tree-based prediction 710 

model with the structure of optimization model.  711 

 712 

5.4 Model extension  713 

In the current prediction and assignment models, the importance of the four 714 

deficiency categories is viewed as identical. Nevertheless, their importance can be 715 

different under certain situations, e.g. in the concentrated inspection campaign (CIC) 716 

where deficiencies in some categories should be paid more attention to in PSC 717 

inspections. To extend our models to deal with the situations where the importance of 718 

the deficiency categories is different, we attach each deficiency category with a relative 719 

importance score, which is denoted by , 1,2,3,cw c C  and is no less than 1. The larger 720 

the value is, the more important the deficiency category is. In the current model, 721 

1, 1,2,3,cw c C  . For mathematical model M1, we can combine the importance score 722 

directly in Equation (2) by revising the objective function to be 
1

ˆmax
P C

sc

c pc ps

p s S c=1

w u z
 

 , 723 

while the prediction model MTF-RF1 needs not be revised. Then, we denote 724 

ˆ
C

sc sp

c pc

c=1

w u   , which can be viewed as the weighted total deficiency number 725 

identified by PSCO 1,...,p P  of ship s S  and can be predicted by using the MTR-726 

RF models developed in Section 4.1.1.2. The predicted values for sp  are denoted by 727 
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ˆsp  , and the objective function of mathematical model M2 can be revised to 728 

ˆmax
P

sp

ps

p=1 s S

z


 . Especially, the total inspection expertise generated by the three models 729 

where the differences in the deficiency category importance are considered is denoted 730 

by A1’, A2’, and A3’ respectively. 731 

We use an example to illustrate the working process and results of the proposed 732 

models where C1: ship safety is more important than the other deficiency categories. 733 

The relative importance score can be assigned by the ports in practice. In this example, 734 

we assume that 1 1.5w   and 1, 2,3,cw c C  . Mean inspection expertise of the three 735 

models is presented in Table 13. The performance of random assignment scheme is the 736 

mean inspection expertise of 10,000 times of random PSCO assignment. The inspection 737 

expertise under each deficiency category is shown in Table 14. 738 

  739 



26 
 

Table 13. Mean inspection expertise of the three models  740 
(considering deficiency category importance) 741 

Group Inspection 

expertise of 

random PSCOs 

assignment  

Mean 

inspection 

expertise of 

A1’ 

Mean 

inspection 

expertise of 

A2’ 

Mean 

inspection 

expertise of 

A3’ 

Best 

inspection 

expertise in 

theory 

1 80.56 83.68 82.72 83.77 89.40 

2 44.03 46.60 46.29 46.54 48.30 

3 49.10 51.47 51.41 51.31 52.40 

4 39.24 39.44 39.29 38.86 43.00 

5 34.11 37.24 37.26 37.17 38.20 

6 25.36 27.23 27.02 26.66 28.30 

7 48.15 50.93 51.10 50.96 51.90 

8 61.70 64.45 64.41 64.23 67.10 

9 32.41 34.60 34.75 34.68 35.40 

10 20.22 19.79 19.85 20.09 23.10 

11 60.19 63.87 63.93 63.81 65.30 

12 33.69 34.56 34.44 34.76 36.80 

13 33.84 34.31 34.60 34.11 37.90 

14 37.98 39.56 39.20 39.70 41.60 

15 22.63 24.23 25.03 24.72 25.70 

16 63.36 66.24 66.60 67.34 69.50 

17 27.67 28.65 28.62 29.01 30.40 

18 38.16 38.90 39.10 38.47 40.80 

19 31.75 33.84 33.77 33.06 36.00 

20 44.36 47.10 47.41 47.00 49.50 

21 32.82 34.13 34.00 34.06 36.20 

22 31.22 33.73 33.64 34.45 35.10 

23 29.67 31.33 31.07 31.02 34.30 

24 33.42 33.87 34.52 34.29 37.00 

25 51.16 53.21 53.04 53.39 55.70 

26 23.23 24.16 24.48 24.63 26.60 

27 25.88 26.70 26.74 26.70 28.70 

28 60.52 62.15 62.44 63.17 65.60 

29 22.75 23.84 23.66 24.02 26.00 

30 27.88 29.73 29.73 29.41 31.10 

Average 38.90 40.65 40.67 40.71 42.90 

Ratio* (90.68%) (94.76%) (94.80%) (94.90%) (100%) 

Note*: calculated by 1
    

    
0%

 
0

Average of mean inspection expertise

The best inspection expertise in theory
 . 742 

  743 
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Table 14. Inspection expertise under each deficiency category 744 

Method/ 

deficiency 

category 

C1: ship safety C2: ship 

management 

C3: ship condition 

and structure 

C4: 

communication 

and navigation 

Original test set 630 478 289 407 

Best in theory 459.9 356.5 209.5 261 

A1 447.24 (97.25%) 309.03 (86.68%) 201.81 (96.33%) 263.84 (101.09%) 

A1’ 449.58 (97.76%) 303.20 (85.05%) 204.27 (97.50%) 262.49 (100.57%) 

A2 446.15 (97.01%) 309.10 (86.70%) 201.25 (96.06%) 263.59 (100.99%) 

A2’ 449.68 (97.78%) 303.30 (85.08%) 203.57 (97.17%) 263.57 (100.98%) 

A3 446.72 (97.13%) 316.39 (88.75%) 198.89 (94.94%) 261.61 (100.23%) 

A3’ 451.95 (98.27%) 307.29 (86.20%) 201.22 (96.05%) 260.93 (99.97%) 

Table 13 shows that if different weights of deficiency categories are taken into 745 

account, the total inspection expertise achieved by the three inspection strategies is no 746 

larger than the situation when the deficiency categories are of the same importance. 747 

Moreover, if C1 is regarded to be more important and is attached with a larger 748 

importance score, the realized inspection expertise under C1 increases in all the three 749 

inspection strategies as presented in Table 14. 750 

 751 

5.5 Sensitivity analysis 752 

In this section, we analyze how the distribution of the expertise of PSCOs would 753 

influence the performance of the proposed PSCO assignment models. To be concise, 754 

the sensitivity analysis is conducted on A3 as it achieves the maximum mean inspection 755 

expertise among A1, A2 and A3. Four groups of sensitivity analyses (SA) are performed: 756 

SA1: composition of a group of PSCOs; SA2: divergence in expertise of a PSCO; SA3: 757 

adequacy of PSCO resources; SA4: uncertainty in PSCOs’ expertise.  758 

5.5.1 SA1: composition of a group of PSCOs 759 

First, we analyze how the composition of a group of PSCOs would influence the 760 

results. Suppose there are five groups of PSCOs (denoted by SA1G1 to SA1G5, 761 

respectively) of the same total expertise and different expertise distributions while one 762 

PSCO has the same expertise to inspect the four deficiency categories. Groups SA1G1 763 

to SA1G4 contain PSCOs with various expertise, i.e. some of them are experienced 764 

while some are newcomers. More specifically, the variations of the expertise of each 765 

PSCO are increasing from SA1G1 to SA1G4. On the contrary, the four PSCOs in 766 

SA1G5 have the same expertise. The expertise of each PSCO to each deficiency 767 

category of the five groups is shown in Table 15. The analysis results of SA1 are shown 768 

in Figure 1.  769 

  770 
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Table 15. Expertise PSCOs in SA1 771 

SA1G1 C1 C2 C3 C4 SA1G 2 C1 C2 C3 C4 

PSCO 1 0.775 0.775 0.775 0.775 PSCO 1 0.85 0.85 0.85 0.85 

PSCO 2 0.725 0.725 0.725 0.725 PSCO 2 0.75 0.75 0.75 0.75 

PSCO 3 0.675 0.675 0.675 0.675 PSCO 3 0.65 0.65 0.65 0.65 

PSCO 4 0.625 0.625 0.625 0.625 PSCO 4 0.55 0.55 0.55 0.55 

SA1G3 C1 C2 C3 C4 SA1G4 C1 C2 C3 C4 

PSCO 1 0.925 0.925 0.925 0.925 PSCO 1 1.0 1.0 1.0 1.0 

PSCO 2 0.775 0.775 0.775 0.775 PSCO 2 0.8 0.8 0.8 0.8 

PSCO 3 0.625 0.625 0.625 0.625 PSCO 3 0.6 0.6 0.6 0.6 

PSCO 4 0.475 0.475 0.475 0.475 PSCO 4 0.4 0.4 0.4 0.4 

SA1G5 C1 C2 C3 C4      

PSCO 1 0.7 0.7 0.7 0.7      

PSCO 2 0.7 0.7 0.7 0.7      

PSCO 3 0.7 0.7 0.7 0.7      

PSCO 4 0.7 0.7 0.7 0.7      

 772 

 773 

Figure 1. Analysis results of SA1 774 

Several conclusions can be drawn from Figure 1. First, as the divergence of 775 

expertise of the group of PSCOs become larger, both the best inspection expertise in 776 

theory and the mean inspection expertise achieved by using A3 increase, as the diverse 777 

conditions of the inspected ships can be better matched with the more varied expertise 778 

of the group of PSCOs. Second, the superiority of the PSCO assignment scheme 779 

generated by A3 over random PSCO assignment becomes more obvious when the 780 

inspection expertise of the PSCOs gets more diverse. Third, the mean inspection 781 

expertise achieved by A3 is equal to the best inspection expertise in theory when all the 782 

PSCOs have the same expertise. However, as the expertise of the group of PSCOs gets 783 

more varied, the gap between mean inspection expertise and the best inspection 784 

expertise in theory gets larger. This indicates that predicting errors of the prediction 785 

model (i.e. MTR-RF3) have a larger influence on the final assignment model when the 786 

expertise of PSCOs becomes more diverse, as the assignment scheme relies more on 787 
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the predicted number of deficiencies of a ship that can be identified if assigned to a 788 

PSCO.  789 

The extreme situation is that when all the PSCOs have the same expertise, the mean 790 

inspection expertise achieved by A3 equals the best inspection expertise in theory and 791 

random PSCO assignment, as the PSCO assignment is totally random under this 792 

condition and has nothing to do with the prediction results of MTR-RF3. Nevertheless, 793 

it should also be noted that even in SA1G4, where the expertise of the PSCOs are most 794 

varied, the mean inspection expertise is approaching 95% of the best inspection 795 

expertise in theory, and the PSCO assignment performance of A3 is 24% better than 796 

random PSCO assignment. The results indicate that our model is more suitable to be 797 

applied than random PSCO assignment scheme when the expertise of the PSCOs is 798 

divergent. When the expertise of all the PSCOs is the same, our model is equal to 799 

random PSCO assignment. 800 

5.5.2 SA2: divergence in expertise of a PSCO 801 

Second, we analyze how various expertise of a PSCO in different deficiency 802 

categories would influence the results. We consider four groups of PSCOs (denoted by 803 

SA2G1 to SA2G4, respectively) where the total expertise is the same for each PSCO 804 

and the total expertise to inspect one deficiency category is the same for each group (i.e. 805 

the sum of each row and the sum of each column are the same in all groups). In SA2G1 806 

to SA2G3, the PSCOs have different expertise to inspect different deficiency categories, 807 

while in SA2G4, all PSCOs have the same expertise in different deficiency categories. 808 

More specifically, the variations of the PSCOs are increasing from SA2G1 to SA2G3: 809 

the sum of absolute variations of all PSCOs in SA2G1, SA2G2 and SA2G3 is 1.8, 2.2 810 

and 2.6, respectively. The expertise of each PSCO in each deficiency category of the 811 

four groups is shown in Table 16. The results of the analyses are presented in Figure 2.  812 

Table 16. Expertise of PSCOs in SA2 813 

SA2G1 C1 C2 C3 C4 SA2G2 C1 C2 C3 C4 

PSCO 1 0.9 0.8 0.6 0.5 PSCO 1 0.8 0.5 1.0 0.5 

PSCO 2 0.6 0.8 0.7 0.7 PSCO 2 0.9 0.8 0.5 0.6 

PSCO 3 0.5 0.6 0.9 0.8 PSCO 3 0.6 0.7 0.6 0.9 

PSCO 4 0.8 0.6 0.6 0.8 PSCO 4 0.5 0.8 0.7 0.8 

SA2G3 C1 C2 C3 C4 SA1G4 C1 C2 C3 C4 

PSCO 1 0.8 0.9 0.7 0.4 PSCO 1 0.7 0.7 0.7 0.7 

PSCO 2 0.8 0.4 0.8 0.8 PSCO 2 0.7 0.7 0.7 0.7 

PSCO 3 0.8 0.5 0.8 0.7 PSCO 3 0.7 0.7 0.7 0.7 

PSCO 4 0.4 1.0 0.5 0.9 PSCO 4 0.7 0.7 0.7 0.7 

 814 
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 815 

Figure 2. Analysis results of SA2 816 

As shown in Figure 2, when the total expertise of each PSCO is the same and the 817 

total expertise to inspect one deficiency category for each group is the same, the best 818 

inspection expertise in theory shows gentle increase when the divergence of the PSCOs’ 819 

expertise increases. Nevertheless, due to the randomness in the dataset and the model 820 

performance, the predicted mean inspection expertise does not show this trend: when 821 

the variations in the expertise of the PSCOs increase, the predicted mean inspection 822 

expertise can either increase or decrease modestly.  823 

5.5.3 SA3: adequacy of PSCO resources 824 

Third, we analyze the influence of the adequacy of PSCO resources on the 825 

inspection results. In our problem, four PSCOs are assigned to inspect 10 ships coming 826 

to the port state every day (benchmark, denoted by SA4G3). The maximum number of 827 

ships that can be inspected by one PSCO is three. We consider other situations where 828 

there are 8 (SA3G1), 9 (SA3G2), 11 (SA3G4), and 12 (SA3G5) ships coming to the 829 

port state every day while keeping the other settings unchanged and compare the mean 830 

inspection expertise of a single ship to identify the influence of PSCO resources. The 831 

results are shown in Figure 3. 832 



31 
 

 833 

Figure 3. Analysis results of SA3 834 

As shown in Figure 3, when the number of ships in a group grows while the number 835 

of PSCOs and the maximum number of ships can be inspected by one PSCO remain 836 

unchanged, the average inspection expertise of one ship remains stable. This indicates 837 

that the performance of the proposed models is not heavily influenced by the adequacy 838 

of the resources of PSCOs, which also shows that the model performs robustly. Besides, 839 

our model performs much better than random PSCO assignment in all situations.  840 

5.5.4 SA4: uncertainty in PSCOs’ expertise 841 

Fourth, we analyze the uncertainty in PSCO expertise in each deficiency category. 842 

Although the expertise of PSCOs could be measured by tests, interviews, and 843 

questionnaires, uncertainties can exist, which means that the expertise we obtained may 844 

not be the exact expertise in reality. The expertise values presented in Table 4 are the 845 

measured inspection expertise and we suppose that the real inspection expertise is 846 

within 10% more or less than the measured inspection expertise. For example, the 847 

expertise of PSCO 1 for deficiency category C1 is 0.8, and we suppose that the real 848 

inspection expertise is uniformly distributed from 0.72 to 0.88 (accurate to two digits). 849 

We randomly select a value within this interval for each inspection expertise value and 850 

form a new expertise table of each PSCO in each deficiency category for ten times, and 851 

we can obtain ten possible real inspection expertise tables. The inspection expertise of 852 

random PSCO assignment, the best inspection in theory, and the mean inspection 853 

expertise of the ten groups are shown in Figure 4. 854 
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 855 

Figure 4. Analysis results of SA4 856 

Under the assumption that the real inspection expertise of each PSCO to each 857 

deficiency category is within 10% more or less than the measured inspection expertise 858 

presented in Table 4, the variance of the best inspection expertise in theory of the 10 859 

groups in SA4 is 0.8298. The range of the best inspection expertise in theory is 3.1 (the 860 

maximum inspection expertise of the 10 groups is 44.68 and the minimum inspection 861 

expertise is 41.58). Compared with the benchmark, which is generated by using the 862 

measured inspection expertise shown in Table 4, the differences are between －3.08% 863 

and ＋4.15% and are much smaller than ±10%.  864 

As for the predicted inspection expertise, the variance of the 10 groups in SA4 is 865 

0.4999, and the range of mean inspection expertise is 2.6 (the maximum inspection 866 

expertise of the 10 groups is 42.22 and the minimum inspection expertise is 39.62). The 867 

differences between the benchmark and the 10 groups range from －2.87% to ＋3.51% 868 

and are also much smaller than ±10%. We also compare the differences between 869 

predicted mean inspection expertise of the benchmark with the best inspection expertise 870 

of the 10 groups in SA4. The difference is from ＋1.94% to ＋9.54%, which indicates 871 

that the proposed models are robust even if there are some uncertainties in measuring 872 

the inspection expertise of each PSCO to each deficiency category. The average best 873 

inspection expertise of the 10 groups is 43.646 and the average predicted inspection 874 

expertise of the 10 groups is 41.237, which indicates that the proposed model can 875 

identify about 94.5% of the total deficiencies and that it always performs better than 876 

random PSCO assignment in all groups of tests as shown in the two lower lines of 877 

Figure 4. 878 

 879 

6. Discussion and future research 880 

As indicated in Section 5.2.1, the inspection expertise of each PSCO in each 881 
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deficiency category shown in Table 4 is assumed by the authors as there is no such 882 

standard tests or questionnaires at the moment in the Tokyo MoU. The assumption of 883 

the inspection expertise table is that each PSCO has more expertise in one or two 884 

deficiency categories than the other PSCOs and we just use the assumed inspection 885 

expertise to illustrate the working process of the proposed models. Although massive 886 

sensitivity analysis has been conducted to evaluate the performance of the proposed 887 

models, in future research, accurate assessments would be developed to evaluate the 888 

real expertise of the PSCOs for different deficiency categories. For example, a test 889 

consisting of a theoretical part and a practical part of all the four deficiency categories, 890 

or an interview regarding the background, experience, and self-evaluation of the PSCOs, 891 

or a questionnaire for collecting the PSCOs’ own preference and expertise can be held. 892 

The results of the test, interview, and questionnaire can be considered simultaneously 893 

to comprehensively evaluate the inspection expertise of the PSCOs. For the 894 

convenience of MoU management, we propose another way to evaluate the 895 

performance of the PSCOs. Suppose that there are several PSCOs at a port, and we let 896 

them to inspect a group of ships (say 10 ships or 20 ships) in a certain amount of time. 897 

Then, we compare the total number of detected deficiencies under each deficiency 898 

category of the PSCOs regarding all the ships. For the PSCO(s) who can identify the 899 

most deficiency number of a category, we denote her/his expertise to be “1”. The 900 

expertise of the other PSCOs regarding this deficiency category is calculated by 901 

dividing her/his number of detected deficiencies in this category by the largest number 902 

of detected deficiencies of this category of all PSCOs. For example, the detected 903 

deficiency number for deficiency category C1 is 20, 18, 16, and 14 for PSCO1, PSCO2, 904 

PSCO3, and PSCO4, and their inspection expertise for C1 should be 1, 0.9, 0.8, and 905 

0.7, respectively. In this way, evaluating and updating the inspection expertise of the 906 

PSCOs can be more convenient for the ports. 907 

Another thing should be noted is that the expertise of the PSCOs can be updated 908 

over time and experience. Therefore, reevaluations should be carried out for updating 909 

the expertise of the PSCOs. We suggest that the reevaluation to be carried out once a 910 

year for the following reasons. First, the committee meeting of Tokyo MoU is held once 911 

a year. In the committee meeting, several important discussions and decisions are made, 912 

such as the application for co-operating member status, actions relating to 913 

harmonization of PSC, and approval of the final report of the concentrated inspection 914 

campaign (CIC) in the 29th committee meeting in 2018 (Tokyo MoU, 2018b). 915 

Therefore, it should be a good chance to discuss the details of reevaluations at the 916 

committee meeting. Second, setting the time interval of two reevaluations to be one 917 

year is a result of a trade-off: for one thing, the inspection expertise for the PSCOs could 918 

remain unchanged for only a period of time; for another, it can be time-consuming to 919 
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prepare for the reevaluations. 920 

Given the fact that the inspection expertise of the PSCOs can improve over time 921 

and experience and it is also a goal to improve the PSCOs’ inspection expertise to be as 922 

close as possible to 1, we propose two ways to achieve the comprehensive development 923 

of the PSCO if the proposed models are applied. First, except for the assigned PSCO 924 

who is responsible to conduct the PSC inspection, other PSCOs can get onboard during 925 

the PSC inspections to learn from the PSCO with more inspection expertise in certain 926 

deficiency categories to achieve self-improvement. Second, during the regular trainings 927 

and seminars, the PSCOs can share their experience and expertise as well as discuss the 928 

difficulties they meet during the inspections with each other to achieve co-operation 929 

and progress.  930 

As the main goal of PSC is to identify substandard ships and detain them if 931 

necessary to protect the maritime safety and protect the marine environment, ship 932 

detention probability can also be incorporated in the prediction and assignment models  933 

in the future research for better applicability and practicability. Meanwhile, PSCOs’ 934 

expertise in targeting ships with high detention probability should also be evaluated and 935 

considered. 936 

 937 

7. Conclusion  938 

Maritime safety and the marine environmental protection are gaining increasing 939 

concern in recent years. PSC inspection is a widely-believed effective and efficient way 940 

to safeguard the sea. To improve the efficiency of PSC inspections, one of the key points 941 

is to identify as many deficiencies as possible using limited inspection resources. At the 942 

ports with less experienced and divergent PSCOs, this requires matching the PSCOs of 943 

different expertise and the deficiency conditions of the inspected ships, e.g. the 944 

deficiency number under each deficiency category. To achieve this goal, this paper 945 

proposes three machine learning models: MTR-RF1, MTR-RF2, and MTR-RF3 and 946 

two PSCO assignment models M1 and M2 to match the diverse ship deficiency 947 

conditions with the expertise of PSCOs. More specifically, MTR-RF1 predicts the 948 

number of deficiencies in each deficiency category for each ship in a way that 949 

minimizes the MSE between actual and predicted numbers of deficiencies; MTR-RF2 950 

predicts the number of deficiencies each PSCO can identify for each ship by minimizing 951 

the MSE between actual and predicted deficiency numbers; MTR-RF3 predicts the 952 

number of deficiencies each PSCO can identify for each ship while adopting a loss 953 

function motivated by the structure of the optimization problem, i.e. minimizing the 954 

MSO in the numbers of deficiencies that can be detected among the PSCOs for each 955 

ship. Numerical experiments show that the performance of combination of MTR-RF3 956 
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and M2 (i.e. A3) is the best among the three proposed models, while all the three models 957 

perform much better than the currently used random PSCO assignment as they can 958 

identify about 95% of all the deficiencies compared to the best inspection expertise in 959 

theory.  960 

By conducting sensitivity analyses, several managerial insights can be drawn. First, 961 

our model is more suitable to be applied when the expertise of the PSCOs is divergent 962 

as the superiority of the proposed models becomes more obvious when the divergence 963 

of the PSCOs increases. Second, the adequacy of the PSCO resources would not heavily 964 

influence the performance of the proposed models. Besides, even if uncertainty may 965 

exist in measuring the expertise of the PSCOs to each deficiency category, the 966 

robustness of our model is validated.  967 

In this study, both prediction and optimization are required to generate the decision 968 

for PSCO assignment. Meanwhile, both prediction and optimization are challenging 969 

tasks, as errors cannot be avoided in the prediction problem, while the unknown 970 

parameters in the optimization model are determined by the outputs of the prediction 971 

model. For A1 and A2, the machine learning models for parameter prediction totally 972 

ignore the downstream optimization problem and only aim to minimize the prediction 973 

error which is evaluated by MSE. Although the objective is to make the predicted 974 

outputs as close as to the real outputs, inaccuracy always exists, and thus minimizing 975 

the output error cannot guarantee the best decision in theory generated by the following 976 

optimization model or generate the decision as close as to the best decision in theory. 977 

Moreover, inaccuracy in the predicted results is highly likely to be magnified when 978 

combining with the downstream optimization model and thus make the final generated 979 

decision far away from the best decision in theory. On the contrary, MSO used in MTR-980 

RF3 (and thus in A3) is highly related to the structure and property of the downstream 981 

optimization model, as the prediction model is designed to generate outputs that make 982 

the generated decisions of the following optimization model as close as to the best 983 

decision in theory by aiming to maintain the property of the parameters in the 984 

optimization model for generating the best decision in theory. 985 

Theoretically, the proposed MTR-RF1 and MTR-RF2 treat prediction and 986 

optimization models as sequential steps while the proposed MTR-RF3 partially 987 

combines prediction and optimization models by considering the structure and property 988 

of the optimization model when constructing the machine learning model. The 989 

numerical experiments show that although MTR-RF3 performs much worse than MTR-990 

RF2 as a regression model evaluated by the metric of MSE, the performance of MTR-991 

RF3 is better than MTR-RF2 when combining with the following optimization models. 992 
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Practically, the proposed models help to address a meaningful practical problem in PSC 993 

inspection. Compared with random assignment of PSCOs, the proposed three models 994 

can help to detect 4.70%, 4.55%, and 4.86% more deficiencies after inspecting the same 995 

groups of ships by using the same PSCO recourses. Meanwhile, the performance of the 996 

three models are stable and their performance would achieve 95% of the best inspection 997 

expertise in theory. 998 
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Appendix A. 999 

Procedure 1: Construction of MTR tree 

Input  Training dataset D  and termination conditions 
1 2 3( , , ,..., )I     .  

Output MTR tree ( )MTRf x  : for a new example with input features x  , the predicted 

targets are ( )MTRf x . 

Step 0 Construct a root node that contains all the examples in the training dataset (the 

set of indices for the examples in the root node is denoted by {1,..., }N ). The root 

is set as the current splitting node.  

Step 1 Define 
0R  as the set of indices for the examples in the current splitting node. 

Find the best split pair * *

*( , )jj w  of the current splitting node by enumerating of 

all possible values of j  and 
jw . 

1 2

1 1 1 2 2 2

2 2

* *

*
( ,..., ) ( , ) 1 ( , ) ( , ) 1 ( , )1 2

1 1
( , ) arg min

| ( , ) | | ( , ) |J 1 j j j j
j j

K K
e k e kek ek

j
j x x e R j w k e R j w e R j w k e R j wj j
w

j w y y y y
R j w R j w      



    
       

        

       

where 
0( , ) { | }ej

1 j jR j w e R x w    and 
0( , ) { | }ej

2 j jR j w e R x w   . 

Step 2 Use the best split * *

*( , )jj w  to split the current node into two nodes that contain 

two sub-sets of indices of examples * * * *

* 0 *( , ) { | }ej

1 j jR j w e R x w     and

* * * *

* 0 *( , ) { | }ej

2 j jR j w e R x w     with output value for target 
ky   as   

1

* *
1 *

1 * *

( , )*

1

| ( , ) |
1 j

e kk

e R j w1 j

y
R j w




   and 2

* *
2 *

2 * *

( , )*

1

| ( , ) |
2 j

e kk

e R j w2 j

y
R j w




  , respectively, 1,...,k K . 

Step 3 Repeat Step 1 and Step 2 in a depth-first manner until coming to a node that 

reaches one of the preset termination conditions. Then, this node becomes a leaf 

node and a new node for splitting is found by backtracking. 

Step 4 Repeat Step 3 until there are no more nodes that can be split. Finally, the total 

training set is separated into Q  mutually exclusive and collectively exhaustive 

leaf sub-sets , ,...,1 2 QR R R  according to the input variable vector. The decision 

tree model can be presented by 

1

( ) ( )( , ,..., )
Q

MTR 1 2 K

q q q q

q

f I R   


 x x , where 
1,

( )
0,

q

q

q

R
I R

R


  



x
x

x
. 

 1000 

In Step 1, we have a tree that may not be completed yet, denoted by T , and one of 1001 

its leaves is the current splitting node. If the current splitting node is split at ( , )jj w , we 1002 
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will have a new tree, denoted by , jj wT , which has two new leaves (the left leave, or 1003 

called leave 1, and the right leave, or called leave 2) with sets of indices for the 1004 

examples 0( , ) { | }ej

1 j jR j w e R x w     and 0( , ) { | }ej

2 j jR j w e R x w    . The predicted 1005 

value of the thk   target for an example e   in leave 1 ( ( , )1 je R j w  ) is 1006 

1

1 1 ( , )1

1

| ( , ) |
j

e k

e R j wj

y
R j w 

  , which is the average value of the thk   target among all the 1007 

examples in leave 1. Therefore, it can be seen that Step 1 chooses the best split * *

*( , )jj w  1008 

that minimizes the sum of squared error.  1009 
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Appendix B. 1010 

Procedure 2: Construction of MTR-RF 

Input  Training dataset D , termination conditions 
1 2 3( , , ,..., )I     , the number of 

trees contained in the RF M , and the maximum number of features considered 

when splitting each node J  , J J  .  

Output MTR-RF ( )MTR RFf 
x : for a new example with input feature x , the predicted 

targets are ( )MTR RFf 
x . 

Step 1: 

For 

1,...,m M  

Draw a bootstrap sample D   of the whole training set D . 

   Step 1.0 Construct a root node that contains all the examples in D   (the set of 

indices for the examples in the root node is denoted by {1,..., }N ). The 

root is set as the current splitting node.  

   Step 1.1 Among all the J   features, randomly select J    features with each 

selected feature denoted by 'j . Define 
0R  as the set of indices for the 

examples in the current splitting node. Find the best split pair '* '*

'*( , )jj w  

of the current splitting node by solving the following formula: 

1 2

1 ' ' 1 1 ' 2 ' 2 2 '
' '

2 2

'* '*

'*
' ( ,..., ) ( ', ' ) 1 ( ', ' ) ( ', ' ) 1 ( ', ' )1 ' 2 '
'

1 1
( , ) arg min

| ( ', ' ) | | ( ', ' ) |J 1 j j j j
j j

K K
e k e kek ek

j
j x x e R j w k e R j w e R j w k e R j wj j
w

j w y y y y
R j w R j w      



    
       

        

       

where '

' 0 '( ', ' ) { | ' }ej

1 j jR j w e R x w     and 

'

' 0 '( ', ' ) { | ' }ej

2 j jR j w e R x w   . 

   Step 1.2 Use the best split * '*

'*( ' , )jj w  to split the current node into two nodes that 

contain two sub-sets of indices of examples 

'* '* '* '*

'* 0 '*( , ) { | }ej

1 j jR j w e R x w     and '* '* '* '*

'* 0 '*( , ) { | }ej

2 j jR j w e R x w    

with output value for target 
ky   as   1

*' '*
1 '*

1 * '*

( , )'*

1

| ( , ) |
1 j

e kk

e R j w1 j

y
R j w




    and 

2

* *
2 '*

2 '* '*

( ' , ' )'*

1

| ( , ) |
2 j

e kk

e R j w2 j

c y
R j w 

  , respectively, 1,...,k K . 

   Step 1.3 Repeat Step 1.1 and Step 1.2 in a depth-first manner until coming to a 

node that reaches one of the preset termination conditions. Then, this 

node becomes a leaf node and a new node for splitting is found by 

backtracking. 
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   Step 1.4 Repeat Step 1.3 until there are no more nodes that can be split. Finally, 

the total training dataset is separated into mQ  mutually exclusive and 

collectively exhaustive leaf sub-sets , ,..., m1 2 Q
R R R  according to the input 

variable vector in decision tree m . The thm  decision tree model can 

be presented by 

1

( ) ( )( , ,..., )

mQ
MTR 1 2 K

m q q q q

q

f I R   


 x x , where 
1,

( )
0,

q

q

q

R
I R

R


  



x
x

x
. For target 

1,...,k K , the final predicted value generated for x  by tree m  is 

represented by ˆ m

ky  for short.  
 

Step 2: 

 

For 1,...,k K  , the final predicted value generated by the RF model is the 

average regarding all the predicted values of the M  DTs, i.e. 
1

1
ˆ ˆ

M
m

k k

m

y y
M 

  . The 

MTR-RF model can be represented by 1
ˆ ˆ ˆ( ) ( ,..., ,..., )MTR RF

k Kf y y y x . 

 1011 

  1012 
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Appendix C.  1013 

Proof: If | |S  , we can safely set | |S   in model [M1] without losing optimality. 1014 

Therefore, we can assume that | |S  . Since P  PSCOs can inspect a maximum of 1015 

P  ships, we add | |P S   dummy ships to the model, each of which has 0 deficiency 1016 

in each category. Then model [M1] is equivalent to 1017 

[M1’]  1018 

 
ˆmax

P P C
sc

ps pc

p=1 s=1 c=1

z u



  (9) 1019 

subject to 1020 

 

1

, 1,...,
P

ps

s

z p P




  
  (10) 1021 

 

1

1, 1,...,
P

ps

p

z s P


  
  (11) 1022 

 {0,1}, 1,..., , 1,...,psz p P s P      (12) 1023 

where parameters ˆ =0sc , | | 1,...,s S P   , 1,...,c C . 1024 

Define decision vector z ( , 1,..., , 1,..., )psz p P s P     , parameter vector 1025 

{
 elements  elements

b ( , ..., , 1,...,1 )

P P

  
1442 443 , and parameter matrix 2( )P P P

A
   that represents the coefficients in 1026 

constraints (10) and (11). Defining ¢   as the set of integers, model [M1’] can be 1027 

written as 1028 

[M1’’]  1029 

 
ˆmax

P P C
sc

ps pc

p=1 s=1 c=1

z u



  (13) 1030 

subject to 1031 

 
z bA 

  (14) 1032 

 
0 z 1 

  (15) 1033 

 2

z .P¢   (16) 1034 

We can see that (i) all of the elements in b  are integers, (ii) all of the elements in A  1035 

are 0 or 1, (iii) each column of matrix A  has exactly two elements whose values are 1036 

1, and (iv) matrix A  can be divided into two sub-matrices: the top P  rows constitute 1037 

one matrix and the bottom P  rows constitute the other matrix, such that each sub-1038 

matrix has exactly one element of 1 in each column. Consequently, A   is totally 1039 
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unimodular and all the extreme points are optimal solutions to the linear programming 1040 

relaxation of model [M1’’] are integral. Hence, the integrality constraint in Eq. (16) 1041 

can be dropped. In other words, model [M1’’] can be easily solved as a linear 1042 

programming problem.  1043 

Note that the conversion of model [M1] to model [M1’’] is polynomial because 1044 

| |S  . Since a linear program can be solved in polynomial time of the length of its 1045 

input parameters, model [M1] can also be solved in polynomial time of the length of its 1046 

input parameters.  □ 1047 

 1048 

  1049 
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Appendix D.  1050 

Denote the set of hyperparameters (i.e. max_features, max_depth, and 1051 

min_samples_leaf) to be tuned as 1 2 3{ , , }     and one hyperparameter is denoted 1052 

by i . The minimum and maximum values each hyperparameter can take are denoted 1053 

by min max[ , ]i i i    , i   . The initial constrained value spaces are denoted by 1054 

min min max max{ , ( ) / 2 , }i i i i iR        , i  . The procedure to tune the hyperparameters by 1055 

revised grid search is as follows: 1056 

Procedure 3: Tuning hyperparameters by revised grid search 

Input  
The set of hyperparameters to be tuned 1 2 3{ , , }     , the minimum and 

maximum values each hyperparameter can take min max[ , ]i i i    , i   , the 

initial constrained value spaces min min max max{ , ( ) / 2 , }i i i i iR          for all 

i  .  

Output Hyperparameter value tuple with the best performance on validation set denoted 

by 
* . 

Step 1 

 

Set the hyperparameter grid   to 1 2 3R R R    .  

for each   : 

Train MTR-RF model ( )MTR RFf


x  using the training set and hyperparameter 

tuple  . Measure its performance by calculating the MSE/MSO score m  

on the validation set. 

Step 2 The hyperparameter tuple that yields minimum MSE/MSO score 
*m   on the 

validation set is denoted by 
* , 

* * * *

1 2 3{ , , }    .  

if 
min max2i i    for all i  : 

Return the optimal hyperparameter tuple 
* * * *

1 2 3{ , , }     and terminate the 

program. 

else: 

for i   with 
min max2i i   : 

if 
* min

i i  : 

set 
max min max( ) / 2 1i i i        , update 

min min max max{ , ( ) / 2 , }i i i i iR        . 
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else if 
* max

i i  : 

set 
min min max( ) / 2 1i i i        , update 

min min max max{ , ( ) / 2 , }i i i i iR        . 

else: 

set 
min min *( ) / 2i i i        and 

max * max( + ) / 2i i i       , update 

min min max max{ , ( ) / 2 , }i i i i iR        . 

Step 3 Repeat Step 1 and Step 2 until termination.  

1057 
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Appendix E. 1058 

We use a randomly selected group of ships in the numerical experiment to illustrate 1059 

the insights of the superiority of A3. The real inspection expertise of each PSCO to each 1060 

ship (denoted by a ship-PSCO pair) in the selected group and the best PSC assignment 1061 

in theory are presented in Table A.1. For simplicity, we only compare the performance 1062 

of A2 (and MTR-RF2) and A3 (and MTR-RF3). The predicted inspection expertise of 1063 

ship-PSCO pairs generated by MTR-RF2 and MTR-RF3 and the corresponding PSCO 1064 

assignment are shown in Table A.2 and Table A.3.  1065 

Table A.1. Real inspection expertise and best PSCO assignment  1066 
PSCO/Ship PSCO 1 PSCO 2 PSCO 3 PSCO 4 Best PSCO assignment 

1 3.2 2.3 3.7 3.3 3 

2 0.6 0.5 0.7 0.7 4 

3 2.4 2.3 2.8 2.7 4 

4 9.3 10.7 9.3 7.6 2 

5 5.0 4.6 4.9 3.6 1 

6 4.9 3.9 5.2 3.9 3 

7 28.3 34.1 31.9 31.1 2 

8 0.7 0.4 0.8 0.6 1 

9 17.3 17.5 18.8 16.3 3 

10 5.8 7.8 6.4 6.4 2 

Total inspection expertise 89.4 

 1067 

Table A.2. Predicted inspection expertise and PSCO assignment of A2 1068 
PSCO/Ship PSCO 1 PSCO 2 PSCO 3 PSCO 4 Assigned PSCO 

1 2.71151 2.71333 2.83366 2.37304 2 

2 2.19643 2.16080 2.27956 1.88287 1 

3 1.42442 1.41698 1.47454 1.21828 4 

4 3.16357 3.19042 3.25073 2.66992 2 

5 2.94226 2.93073 3.06017 2.54735 1 

6 3.46248 3.39896 3.59726 2.95980 3 

7 21.94541 22.66446 23.59041 20.79491 3 

8 3.30471 3.29913 3.40618 2.80313 1 

9 6.76287 6.80433 6.97162 5.77351 3 

10 4.58404 4.59511 4.72913 3.90545 2 

Total achieved inspection expertise 85.7 

 1069 

Table A.3. Predicted inspection expertise and PSCO assignment of A3 1070 
PSCO/Ship PSCO 1 PSCO 2 PSCO 3 PSCO 4 Assigned PSCO 

1 2.28501 2.31229 2.38390 2.00269 2 

2 2.07840 2.06494 2.16828 1.81122 1 

3 1.73917 1.73968 1.81308 1.51692 4 

4 3.23858 3.27633 3.33146 2.74851 2 

5 2.63255 2.61521 2.71647 2.23666 1 

6 3.28039 3.24911 3.40201 2.80859 3 

7 15.68360 17.17298 16.95479 15.32269 2 

8 3.65548 3.67663 3.77489 3.12439 1 

9 7.47597 7.52486 7.73092 6.42257 3 

10 4.61062 4.56776 4.74119 3.88015 3 

Total achieved inspection expertise 86.5 
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Tables A.2 and A.3 show that the performance of A3 is better than A2 by 0.8 1071 

inspection expertise, while both A2 and A3 can achieve 95% of the total real inspection 1072 

expertise. The main differences between A2 and A3 are that PSCO 3 is assigned to 1073 

inspect ship 7 in A2 while PSCO 2 is assigned to inspect ship 7 in A3, whereas PSCO 1074 

2 is assigned to inspect ship 10 in A2 while PSCO 3 is assigned to inspect ship 10 in 1075 

A3. Notably, assigning PSCO 2 to inspect ship 7 and PSCO 3 to inspect ship 10 could 1076 

obtain more inspection expertise, as the difference between assigning PSCO 2 and 1077 

PSCO 3 to ship 7 is 2.2 while the difference is 1.4 to ship 10. We further compare the 1078 

squared error of the predicted inspection expertise of each ship-PSCO pair and the MSE 1079 

score in MTR-RF2 and MTR-RF3 are shown Table A.4 and Table A.5. The squared 1080 

overestimate of the predicted inspection expertise of each ship-PSCO pair and the MSO 1081 

score in MTR-RF2 and MTR-RF3 are shown in Table A.6 and Table A.7. 1082 

Table A.4. Squared error of MTR-RF2 1083 

PSCO/Ship PSCO 1 PSCO 2 PSCO 3 PSCO 4 

1 0.23862  0.17084  0.75054  0.85925  

2 2.54859  2.75824  2.49501  1.39917  

3 0.95175  0.77972  1.75684  2.19551  

4 37.65583  56.39386  36.59365  24.30566  

5 4.23430  2.78646  3.38496  1.10807  

6 2.06646  0.25104  2.56878  0.88398  

7 40.38078  130.77153  69.04925  106.19480  

8 6.78453  8.40497  6.79218  4.85378  

9 111.03115  114.39728  139.91054  110.80693  

10 1.47855  10.27133  2.79180  6.22278  

MSE (of each pair) 26.4820 

 1084 

Table A.5. Squared error of MTR-RF3 1085 

PSCO/Ship PSCO 1 PSCO 2 PSCO 3 PSCO 4 

1 0.83721  0.00015  1.73213  1.68302  

2 2.18567  2.44902  2.15584  1.23480  

3 0.43670  0.31396  0.97402  1.39968  

4 36.74080  55.11084  35.62344  23.53698  

5 5.60484  3.93941  4.76782  1.85870  

6 2.62314  0.42366  3.23279  1.19117  

7 159.17366  286.52394  223.35935  248.92341  

8 8.73485  10.73632  8.84997  6.37257  

9 96.51167  99.50336  122.52453  97.56362  

10 1.41462  10.44739  2.75165  6.34964  

MSE (of each pair) 39.4949 

 1086 

  1087 
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Table A.6. Squared overestimate of MTR-RF2 1088 

PSCO/Ship PSCO 1& 

PSCO 2 

PSCO 1& 

PSCO 3 

PSCO 1& 

PSCO 4 

PSCO 2& 

PSCO 3 

PSCO 2& 

PSCO 4 

PSCO 3& 

PSCO 4 

1 0.81327  0.14277  0.19226  1.63754  1.79637  0.00367  

2 0.00414  0.00028  0.17104  0.00660  0.22842  0.15737  

3 0.00857  0.12242  0.25619  0.19575  0.35845  0.02442  

4 1.88554  0.00760  1.45530  2.13252  6.65386  1.25259  

5 0.15091  0.04749  1.01021  0.02909  0.38022  0.61965  

6 0.87699  0.02730  0.24733  1.21374  0.19286  0.43896  

7 25.81606  3.82203  15.60644  9.77157  1.27792  3.98201  

8 0.08668  0.00000  0.16127  0.08582  0.48442  0.16245  

9 0.02513  1.66732  0.00011  1.28304  0.02862  1.69492  

10 3.95587  0.20695  1.63481  2.35323  0.50458  0.67845  

MSO (of each ship) 10.0031 

 1089 

Table A.7. Squared overestimate of MTR-RF3 1090 

PSCO/Ship PSCO 1& 

PSCO 2 

PSCO 1& 

PSCO 3 

PSCO 1& 

PSCO 4 

PSCO 2& 

PSCO 3 

PSCO 2& 

PSCO 4 

PSCO 3& 

PSCO 4 

1 0.85986  0.16089  0.14617  1.76463  1.71506  0.00035  

2 0.00749  0.00010  0.13482  0.00934  0.20586  0.12749  

3 0.01010  0.10634  0.27274  0.18199  0.38783  0.03848  

4 1.85572  0.00863  1.46392  2.11740  6.61609  1.24779  

5 0.14643  0.03383  1.00824  0.03950  0.38620  0.67272  

6 0.93843  0.03182  0.27900  1.31585  0.19406  0.49927  

7 18.58139  5.42334  9.99131  3.92756  1.32184  0.69238  

8 0.10314  0.00038  0.18583  0.09105  0.56586  0.20295  

9 0.02283  1.55014  0.00285  1.19671  0.00955  1.42003  

10 4.17329  0.22037  1.77015  2.47569  0.50750  0.74139  

MSO (of each ship) 8.0162 

 1091 

Tables A.4 and A.5 shows that the MSE of the outputs of MTR-RF3 is much larger 1092 

than that of MTR-RF2, while Tables A.6 and A.7 show that the MSO of the outputs of 1093 

MTR-RF3 is smaller than that of MTR-RF2. Especially, for ship 7, the MSE is 86.60 1094 

for the outputs generated by MTR-RF2 and 229.50 for the outputs generated by MTR-1095 

RF3. On the contrary, the MSO of ship 7 is 60.28 in MTR-RF2 and the MSO of ship 7 1096 

is 39.94 in MTR-RF3. The differences in the MSE and MSO of MTR-RF2 and MTR-1097 

RF3 regarding ship 7 indicate that although MTR-RF3 is less accurate in the prediction 1098 

values compared to MTR-RF2, it could better predict the “relative relationship” among 1099 

the four outputs. More specifically, we compare the relative relationship of the outputs 1100 

in the real situation and the predicted values generated by MTR-RF2 and MTR-RF3 for 1101 

ship 7 as shown in Figure A.1. 1102 

 1103 

 1104 
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 1105 
Figure A.1. Comparison of the predicted inspection expertise of MTR-RF2 and MTR-1106 

RF3 1107 

Figure A.1 shows that the relative relationship of the predicted inspection expertise 1108 

of MTR-RF3 and the real situation is quite the same: PSCO 2 has the largest expertise, 1109 

following by PSCO 3. Although the predicted relative inspection expertise of PSCO 4 1110 

and PSCO 1 is swapped in MTR-RF3, the gap is quite small, and is much smaller than 1111 

that of MTR-RF2. However, the prediction results of MTR-RF2 suggests that PSCO 3 1112 

has the largest inspection expertise followed by PSCO 2, where there is a big gap with 1113 

the real situation. Therefore, A2 assigns PSCO 3 to inspect ship 7, and A3 assigns PSCO 1114 

2 to inspect ship 7 which is the same as the optimal assignment in the real situation.   1115 
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