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Abstract. Harbor craft historical routes contain valuable information on how the 
experienced crews navigate around the known waters while performing jobs. The noon 
report logs each job timeframe which can be used to segregate the time-series positional 
data as routes. Other information from the noon report such as fuel consumption could 
be associated with a particular job as well. This paper offers a solution to encompass 
crew navigational experience into neural network models. The variational autoencoder, 
which is a generative model, can capture the routes into a knowledge base model. The 
same variational autoencoder is also able to train other neural networks to make 
predictions of route and fuel consumption based on job metadata (I.e., job duration, 
activity area, and route classification). The predicted routes could be used as a cost map 
for pathfinding algorithms such as A* or Dijkstra. 

1. Introduction 
One of the earliest pieces of evidence of marine activity is from 709,000 years ago when the ancestors 
of today’s modern humans, made the sea crossings to and around what is now the Southeast Asian 
archipelagos[1]. Fast forward to the age of exploration, the marine navigation had been relying heavily 
on experienced crews or accounts from experienced crews for at least many centuries. Not only is the 
reliance on experienced crews due to the adverse and extreme conditions offshore, but also to the lack 
of assisting technology. It was not until the last century or so, that much of the technology and 
digitalization efforts have been put into marine applications. The application has gained even more 
traction into the 21st century[2]. One of the benefits of digitalization in the context of the current global 
climate crisis is the opportunity for achieving ship energy optimization and efficiency for the purpose 
of decarbonization[3]. In addition to achieving ship energy optimization and efficiency, decarbonization 
also mitigates a negative health effect on individuals[4].  

The historical vessel routes from maritime navigation are a valuable source of information on how 
experienced crews navigate around known waters. It is especially true for harbor crafts that usually 
move about the area it serves frequently. This paper aims to capture a gold standard which is the crew’s  
experience as a knowledge base of the historical routes, in the form of a trained neural network[5]. The 
knowledge base could be consumed by pathfinding algorithms to generate a suggested route[6]. The 
algorithm for pathfinding is essential in an autonomous or semi-autonomous system[7]. The most 
popular pathfinding algorithm such as A* or Dijkstra requires an area insight in form of a map[8,9]. The 
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knowledge base generated from the solution presented in this paper could become a cost map. Not only 
for the said pathfinding algorithms, but also potentially for other pathfinding algorithms[10]. 

Nonetheless, in the case of less sophisticated smaller harbor vessels (i.e., tugboat, ferry, cargo, etc.), 
the data from onboard automatic digital logging system is not always available. Instead, the data that is 
regularly available is in form of daily manual logs such as noon reports that hold a considerable amount 
of information[11]. Given these scenarios, this paper aims to utilize the noon report combined with 
positional (navigation) and weather data from external sources to achieve its aim.  

The subject vessel discussed in this paper is POSH Grace. The noon report data collected from POSH 
Grace, combined with externally sourced data such as positional and weather data for seven months 
(April to October 2020), make up the dataset. POSH Grace is a tugboat that is owned by PACC Offshore 
Services Holdings (POSH) as shown in Figure 1. The POSH Grace vessel specifications are given in 
Table 1. The main activities of the tugboat consists of anchoring, assisting the large vessels in docking, 
and piloting around the southern sea of Singapore. The purpose of collecting the operational data from 
the subject vessel was to conduct a research study in predicting the fuel rate to achieve fuel efficiency 
and better planning by data analytics and machine learning[12,13].  
 

Table 1. Vessel specifications.  

Main particulars    Value  
Length overall (LOA)    29 m  
Displacement     665 tons  
Maximum speed    12 knots  
Main engines    NIIGATA 6L26HLX  
Number of engines     2  
Total BHP    4000 BHP  
Type of propulsion    Azimuth pod  
Number of propulsors    2  

 

  
Figure 1. The subject vessel, POSH Grace tugboat.  

2. Methodology 
There are four steps to achieve the solution offered in this paper as shown in Figure 2. All four steps use 
machine learning toolkit from computer science. Machine learning is a branch of artificial intelligence 
that uses data and algorithms to mimic the way human learns artificially using a digital tool (i.e., 
computer)[14]. A model (or network) must first be designed, which is akin to a pipeline to which the 
data is fed at both ends. Data that is fed at both ends while training the network are often called training 
𝑋 and 𝑦 inputs. It is to let the algorithm iterate over the data, to adjust values in the network to get 𝑦 
value given the 𝑋 value (backpropagation). The values in the network are function coefficients and are 



MTEC-ICMASS-2022
Journal of Physics: Conference Series 2311 (2022) 012005

IOP Publishing
doi:10.1088/1742-6596/2311/1/012005

3

 
 
 
 
 
 

stored in the form of tensors. The function is often referred to as an activation function. Every iteration 
is evaluated by a loss function to let the algorithm know how far off it is from the desired value. A well-
trained network can produce a close value of 𝑦 (the prediction) to the expected value of 𝑦 (the 
evidence/observation). 

The final objective is to generate two outputs of Route Image (H) and Fuel Prediction (I) by step 4, 
from Job & Noon Report Metadata. Inputs (A) and (B) must first be prepared to complete all four steps.  

 
Figure 2. Block Diagram 

2.1. Data Preparation 
The Data Preparation sub-sections explain the methodologies to convert raw data into a dataset prior to 
proceeding to any steps shown in Figure 2.  

2.1.1. Route Image Creation 
A route of the vessel is comprised of a series of historical positions in form of GPS latitude-longitude 
coordinates between a timeframe from the noon report. The historical position of the vessel could be 
obtained from an AIS (Automatic Identification Systems) aggregator service by Marine Traffic. This is 
one of the external data discussed in the introduction. This work has been partially supported by Marine 
Traffic (www.marinetraffic.com). 

The series of route positions is resampled to an interval (i.e., one minute). The series of one-minute 
vessel position data points are approximated and binned to a cell in a grid. Each route eventually forms 
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a greyscale route image as shown in Figure 3(b). The greyscale images are the Original Route Image 
(A) in Figure 3(a). 

  
(a) (b) 

Figure 3. The transformation of route information into a greyscale image.  
(a) Original route over an illustrated map. Green triangle is origin, green star is destination.  

(b) The route image (308 x 212 pixels). 
 

In the noon report between April to October 2020, there are 405 jobs. Consequently, there are 405 
route images, a few of which is shown in Figure 4. Routes from Figure 4 are used as a test dataset and 
excluded during training. The 400 images alone are insufficient to train a neural network in Figure 2 
step 1. Hence, each image is duplicated randomly by 30 to 50 times. The total number of images for 
training the neural network is set to be around 15,000. The duplication of the images will unlikely be 
redundant as it will eventually generate non-identical samples of latent representation, which is 
explained in Appendix A (the reparameterization trick).  

     
(a) (b) (c) (d) (e) 

Figure 4. Sample of Original Route Images. The image greyscale is inverted for better visual.  
Route number: (a) 22, (b) 264, (c) 288, (d) 383, (e) 387. 

2.1.2. Route Classification 
The vessel routes from jobs are classified based on the route similarity. Nonetheless, however similar 
two or more routes are, they are not identical in terms of vessel positional coordinate at a particular time. 
A sample case is shown in Figure 5. 

  
(a) (b) 

Figure 5. The route similarity comparison. 
Route number: (a) 387 versus (b) 379. 
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For each job, the time-series positional coordinates are broken down into latitude and longitude 
elements. Latitude from each job is considered to measure the similarity distance using a dynamic time-
warping algorithm[15]. The same method is applied to the longitude. Figure 6 shows the point-by-point 
associations for distance measurement. The cumulative absolute distance of latitude and longitude 
difference is combined by calculating a hypothenuse of the two. It is due to that the latitude and longitude 
are assumed to be orthogonal, thus ignoring the curvature of the earth. 
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 (a)    (b)  

Figure 6. Dynamic time-warping correlation on #387 and #379. (a) Latitudes, (b) Longitudes. 
 

The pair similarity distance for every pair combination is stored as a distance matrix[16]. The 
visualized version of the distance matrix is shown in Figure 7. Each route’s distance with another is 
binned in a cell of a matrix (table). Hence, it is mirrored diagonally. The dark areas are the regions where 
the distance value is low indicating there is a close similarity with other members. In contrast, the bright 
areas (lines) are the part where the distance value is high. From Figure 7, it can be observed that there 
are members (routes) that do not have similarities with other members (the routes with white lines).  

 
Figure 7. Visualized distance matrix. 

 
The agglomerative hierarchical clustering is used to convert the distance matrix to class labels[17]. 

Agglomerative clustering is a hierarchical clustering, an unsupervised machine learning algorithm, that 
is a bottom-up approach. It starts by pairing up the individual/primary nodes (or data points) as 
secondary nodes. The pairing up criterion is based on the closest distance. It then joins (i.e., averages) 
the secondary nodes to become new primary nodes. It then again progressively pairs up and joins the 
now primary nodes as new secondary nodes based on the same criterion. The hypothetical shape of the 
clustering mimics the structure of a root of a tree. The clustering stops until either the distance threshold 
or the number of clusters is achieved.  
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Similar routes have the same class label indicating the cluster association. Figure 8 shows the other 
cluster members in the same cluster as route #387. The class labels (or cluster labels) are further one-
hot encoded[18].  
 

   
(a) (b) (c) 

Figure 8. Other routes that are similar to route #387. All images are inverted greyscale image. 
(a) Route #98, (b) #228 & (c) #400. 

2.1.3. Jobs & Noon Report Metadata 
A set of secondary data that describes the primary data is known as metadata. Figure 9 shows the activity 
area from the position data, which forms a set of parameters (lat0, lat1, lon0, lon1). It is to denote the 
geographical area in which the job takes place. The activity area is a metadata as it describes the primary 
data.   

 
Figure 9. Activity area boundary is indicated by a dotted blue rectangle, producing a boundary of four 

parameters or features. 
 
In addition to the activity area, the job duration from the noon report and the route classification 

classes are also metadata and are used as a complete set of Job & Noon Report Metadata (B). The total 
number of parameters for Jobs & Noon Report Metadata (B) depends on the number of route 
classification classes. Finally, fuel consumption is obtained from the noon report. The fuel consumption 
is used for training the prediction network (F).  

2.2. Generative Modeling 
Generative modeling refers to Step 1 in Figure 2. Generative modeling uses a variational autoencoder 
(VAE) neural network[19]. The VAE is comprised of two sub-networks: (C) Encoder Network, and (B) 
Decoder Network according to Figure 2. Figure 10(a) and Figure 10(b) show the encoder and decoder 
architectures. Several layers and layer types are used to construct both networks, which are readily 
available for implementation using TensorFlow framework[20]. VAE uses a combination of 
convolutional 2D (Conv2D) and fully connected (Dense) layers, as well as tensor shape transform layers 
(Flatten and Reshape)[21,22]. In the final layer of Encoder Network, a custom sampling layer 
(Sampling) is used. The sampling layer is discussed in section 3. 
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(a) (b) 

  

  
(c) (d) 

  
Figure 10. (a) Encoder network architecture, (b) decoder network architecture, (c) feature network 

architecture, and (d) prediction network architecture.  
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The aim of the Encoder Network is to reduce the original input (route images) to a representation in 
a lower dimensions space, also known as latent representation in latent space. The Latent Representation 
(G) is a set of probability distributions comprising mean (μ), and log-variance (σ). The number of sets 
of probability distribution (number of pairs of mean and log-variance) determines the number of the 
latent space dimension. 

The aim of the Encoder Network in the solution presented in this paper is to convert the input of 
Original Route Image (A) into its Latent Representation (G) values. The Latent Representation will later 
be used to train the other two networks (E) and (F), which will be explained later. Eventually, the 
Encoder Network is removed from the final structure as shown in Figure 2 step 4.  

Figure 11 shows outputs of a 2-dimensional slice of 7-dimensional latent space from a trained VAE 
network. The outputs are tiled in a 2-dimensional latent space. The VAE manages to fit the route images 
into functions in the latent hyperspaces of μ and σ.  
 

 
Figure 11. The visualized Latent Representation. The image is an inverted greyscale.  

 
While training, the Decoder Network (D) accepts a sample of the Latent Representation (G) from the 

encoder network in attempt to reconstruct the original route image. The purpose of sampling in Encoder 
Network (C) is to sample out the probability distribution for training. It is due to that the backpropagation 
could not take place through a probabilistic function. Due to the probabilistic nature, it is highly unlikely 
that the sampling of probability distribution will produce identical values for a set of identically 
duplicated inputs as mentioned in section 2.1.1. The sampling (reparameterization trick) is discussed 
further in section 3.  

Figure 12 shows the comparison of original and reconstructed route images from a well-trained VAE. 
While training VAE, a special loss function is used for the Encoder Network (C), the 𝐾𝐿!"##	also known 
as the Kullback–Leibler loss function[23].  
 
 𝐾𝐿!"## = − $

%
(1 + 𝜎 − 𝜇% − 𝑒&)                  (1) 

 
𝐾𝐿!"## is a function of the probability distribution. 𝜎 is the log-variance, and 𝜇 is the mean, while 𝑒 is 
Euler constant. The Decoder Network (D) uses binary cross-entropy as a loss function[24]. 
 



MTEC-ICMASS-2022
Journal of Physics: Conference Series 2311 (2022) 012005

IOP Publishing
doi:10.1088/1742-6596/2311/1/012005

9

 
 
 
 
 
 

  
(a) (b) 

Figure 12. (a) Original of route #264 versus (b) reconstructed route image comparison from step 1.  
Both greyscale images are inverted for better visual.  

2.3. Feature Modeling 
Feature modeling refers to the second step in Figure 2. The architecture of the network is shown in 
Figure 10(c). It is a separate neural network replacing the encoder. The Feature Network (E) accepts Job 
& Noon Report Metadata (B) as training 𝑋, instead of route images for Encoder Network (C). For 
training 𝑦, it uses Latent Representation values (the 𝜇 and 𝜎) generated by a trained Encoder Network 
(C). The route classification is fed into Input_Layer_1, while the job duration and job activity area are 
fed into Input_Layer_2. The Feature Network uses the same TensorFlow framework as VAE.  

2.4. Prediction Modeling 
Fuel prediction refers to step 3 in Figure 2. It uses fuel consumption information from the noon report 
as training 𝑦. As training 𝑋, the Prediction Network (F) uses Latent Representation (G) generated by 
Encoder Network (c). Figure 10(d) shows the architecture of the Prediction Network (F). Input_Layer_A 
takes in the mean (𝜇), while Input_Layer_B takes in the log-variance (𝜎). The prediction network uses 
exclusively fully connected (Dense) layers. Both feature and fuel prediction networks use mean absolute 
error as a loss function[25].  

2.5. Navigation & Fuel Prediction Modeling 
The Navigation & Fuel Prediction Modeling uses three trained networks as shown in Figure 2 step 4. In 
this final step, training is not essential, although it is possible to do so (also called fine-tuning)[26]. The 
final step 4 produces two deliverables: the Reconstructed Route Image (H), and Fuel Prediction (I) by 
taking in only the Job & Noon Report Metadata (B) as input. The Original Route Image (A) is no longer 
needed. The decoder, feature and prediction networks make up the final model.  

2.5.1. Pathfinding Algorithm 
Fuel prediction is evaluated by the percentage of difference of the fuel consumption in the noon report 
(evidence/observation) and prediction of fuel by the Prediction Network. The Reconstructed Route 
Image evaluation, however, is not as straightforward and requires an application of pathfinding 
algorithms such as A* and Dijkstra. Hence, the evaluation of Reconstructed Route Image (H) requires 
deliberation and is discussed in Section 3. 
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3. Results & Discussion 
This section separately discusses the results from step 4 in Figure 2. Section 3.1 and 3.2 independently 
discuss two sets of results of Reconstructed Route Images (H) and the Fuel Prediction (I) respectively. 

3.1. Route Image Reconstruction 
The five Reconstructed Route Images from Figure 4 are presented in Figure 13. Compare them with the 
original images in Figure 4. Out of the five test samples, all appear to be visually acceptable except #22 
and #264, the Figure 13(a)(b). The reconstructed #22 from Figure 13(a) is considerably different from 
the original image Figure 4(a) due to being a unique route. In other words, #22 is a one-member cluster 
and the final model is not trained with any information similar to #22. Nonetheless, the final model still 
manages to produce result that is not extremely different from the original.  

     
(a) (b) (c) (d) (e) 

Figure 13. The reconstructed route images by final model. All greyscale images are inverted.  
Route number: (a) 22, (b) 264, (c) 288, (d) 383, (e) 387. 

Figure 14(a) discusses the result of route #264. Despite there being less white area (areas which the 
vessel can visit), the result is still acceptable to become a cost map for the pathfinding algorithm. Figure 
14(b), the inverted version of Figure 14(b), shows that there are grey areas which is the information 
from the past visits. The idea is to make the frequently visited areas lower cost to visit. In greyscale 
image, the darker shades are represented by lower values. In 8-bit representation, value 0 is black, value 
255 is white (if normalized, 0 is black and 1 is white).  

The transformed image as a cost map for the pathfinding algorithm is shown in Figure 14(c). The no-
go zone or area is represented as value 0 as output by the final model. It is due to no evidence in the 
training data (400 images) that it has ever been visited. The no-go zone representation is a discontinuity 
and appears as red in Figure 14(c). In contrast, the frequently visited area appear in lighter shades by 
Figure 14(a), darker shades by Figure 14(b).  
 

   
(a) (b) (c) 

Figure 14. (a) reconstructed greyscale image as output by final model, (b) the invert of reconstructed 
greyscale image, (c) the visualization of cost map after transformation.  

The comparison of the pathfinding algorithms using the cost map versus the observation (original 
route) is shown in Figure 15. Both pathfinding algorithms suggest that there are shorter paths. Provided 
with this information, the crew could have been advised of a shorter route. Ultimately, the crew still 
could have had the absolute discretion to determine the actual path. It may have been due to the adverse 
sea conditions that the crew may have experienced during route #264, or a certain objective to visit a 
certain location prior to the final location. 
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 (a) (b) (c) 

Figure 15. Application of pathfinding algorithm on reconstructed route image.  
(a) Observation, (b) A*, (c) Dijkstra. 

In addition to the one-member class issue discussed earlier, the solution presented in this paper is not 
able to make up for the shortcoming related to intermediate or multiple destinations as shown in Figure 
16. If there is no explicit source of information (i.e., from the noon report) detailing or splitting the 
multiple trips in one job to separate trips, the solution presented in this paper will not be precise.  
 

  
(a) (b) 

Figure 16. Comparison of the route with multiple trips.  
(a) Suggested path, (b) observation. 

It is possible to customize the pathfinding algorithm to account for external factors (i.e., wind or 
wave situation), by making the cost of travel to a certain direction to be more expensive. Figure 17 
shows the comparison of results with and without accounting for the weather. Figure 17(b) shows the 
effect of a southerly wind (downward) applied to Figure 17(a). The weather data is another source of 
external data mentioned in the introduction and is provided by www.meteoblue.com.  
 

 
(a) (b) 

Figure 17. Application of weather data in pathfinding algorithm.  
(a) With weather data effect, (b) Without weather data effect.  
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3.2. Fuel Prediction 
Table 2 shows the comparison of the predicted fuel consumption versus the observation. Route #22 is 
under-predicted as the number of training data for the similar route pattern is scarce. The result for route 
#22 is expected due to being a unique route and excluded during training. The final model is unable to 
predict what it had never learned before, and forced to guess. The best prediction result from route #288 
and the worst prediction result from route #387 are discussed further in Table 3.  

Table 3 lists down the training data from routes similar to #288 for comparison. It is labelled as class 
#0. The final model manages to use the job duration and activity area of route #288 to approximate to a 
very close prediction to the actual record in the noon report (the observation).  
 

Table 2. Fuel prediction versus observation comparison.  

Route # Predictiona Observationa % Difference 
22  1309 1688  -22.45 
264  2426 2662 -8.88 
288  454 450 0.78 
383  1419  1310 8.28 
387  1094  1245  -12.12 

 a In liters 
 

Table 3 also lists down the training data from routes similar to #387 for comparison. It is labelled as 
class #1. There is a total of four data points by class #1 (only 3 for training: #98, #228, #400). Using 
three training data points, the final model still manages to approximate fuel prediction to a reasonable 
figure of 1094 liters, -12.12% off from the actual 1245 liters.  

Table 3. Comparison of routes #288 and #387 with members from their own classes. 

Class # Route # Job Durationa Observation Fuelb 
0 288  7200 450 
0 124  9000 474 
0 232  9600 605 
0 259 18000 1025 
0 303  7200 515 
0 348  4500 275  
1 387  19800 1245  
1 98  18000 1050 
1 228  15600 985 
1 400  28800 1816  

 a In seconds 
 b In liters 
 

During deployment, the user of the final model needs to input the space and time information in 
which the vessel is to operate in addition to selection of a route pattern (from route classification). The 
activity area and duration represent the space and time information the user needs to input. Figure 18 
discusses the other features (geographical features) used to produce results from Table 3. Figure 
18(a)(c)(e) show the case of route #288, compared with its own class members.  

Figure 18(e) shows the correlation of fuel and duration as explained by Table 3, while Figure 18(a)(c) 
gives the geographical perspective of the activity areas. As route #288 is not an outlying member (in 
terms of both fuel-distance correlation and activity area), the final model manages to produce a very 
good fuel prediction result. It is in addition that there are more training data points compared to route 
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#387. The adversity of activity areas and good duration-fuel fitting make up a good set of training 
features for #288.  

In contrast, route #387 does not have as many data points as route #288. The activity areas are not as 
adverse as route #288 either, as shown in Figure 18(d). Despite the lack of adversity, these feature 
combinations are still able to produce a reasonable ballpark prediction of 1094 versus the actual 1245 
(observation). It is shown in Figure 18(f) as #387 that it could still fit relatively well between #98 and 
#400. In addition, the final model manages to generate a good route image as well, as shown in Figure 
13(e). Hence, this presents an opportunity to increase the number and quality of job/route metadata to 
increase the quality of the features.  

 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Figure 18. Comparison of features between route #288 versus route #387. Activity areas: (a) Route 
#288, (b) Route #387. Zoom-in (close-up) of activity areas: (c) Route #288, (d) Route #387.  

Fuel versus duration: (e) Route #288, (f) Route #387 
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4. Conclusion 
Arguably, the very popular neural network applications are for dimensionality reduction purposes such 
as image classification. An image of certain pixel size that contains so much information is reduced to 
a tag for object A, B, etc. The neural network for regression takes a step up by attempting to find higher 
dimensional representations of lower dimension samples (points). Generative modeling takes it even 
further by creating what did not exist before, such as the reconstructed route image in the attempt to 
recreate the original. The reconstructed image is not the exact copy of the original, it is the slightly 
different version of the original.  

The application of the solution presented in this paper attempts to utilize generative modeling to 
encompass valuable past human experiences in maritime navigation. The crew’s experience is deemed 
as a gold standard from which the model is learning. The results presented in this paper demonstrate that 
not only is it possible to profile the navigation route and fuel consumption, but also able to perform well. 
The solution presented in this paper can become a tool on which other methods are applied, such as 
various pathfinding algorithms and its derivations/customizations.  

A harbor tug movement is driven by the type of job and the number of jobs that the crew has on hand. 
For the harbor tug with a certain size and jobs, there is a rule-based expert system used to plan the job 
assignment depending on the time and location of the tug and type of job. The solution presented in this 
paper may be integrated with such a rule-based system to make up a semi-autonomous system. The 
implementation of the solution presented in this paper in such a system would have alleviated some load 
from the crew and staff, putting them into the supervisory role rather than the executor role. Finally, the 
other crews or other non-technical users can also benefit from the knowledge base in the form of a 
trained neural network, not only for route planning but also for fuel estimation.  
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Appendix A 
Appendix A explains the Network Configurations of Figure 10. The configuration of the VAE network 
is as shown in Figure A1 for every layer in Figure 10(a)(b) for both Encoder Network and Decoder 
Network. Encoder Network accepts greyscale Original Route Image (A) of 308 x 212 pixels. It produces 
two outputs: Mean Output (𝜇) and LogVar (𝜎). The Sample Output (𝑧) is derived from sampling the 
probability distribution (2) the sampling layer, where ε is the random value of a normal distribution 
(mean = 0, standard deviation = 1)[27]. The 𝑧 is necessary to train the Decoder Network (D). This 
sampling technique is also known as reparameterization trick[28]. 
 
 𝑧 = 	𝜇 + 𝑒! "# × 𝜀                       (2) 
 

In Figure A2(a), the configuration of the last 3 layers of Feature Network (E) output aligns with 
Encoder Network (C) output. It is to be trained with Job & Noon Report Metadata (B), and to be able to 
predict the latent representation values. The Feature Network (E) accepts 90 input parameters. The first 
set is the route classification input (Input_Layer_1) with 85 classes (85 route patterns). The second set 
is 5 job/route metadata (job duration and activity area) as an input to Input_Layer_2. Multiply layer 
performs element-wise multiplication.  

Figure A2(b) is the Prediction Network (F) configuration. The output is one parameter of Fuel 
Prediction (I) output trained with consumed fuel information from the noon report. The input is a set of 
probability distribution (𝜇 and 𝜎) from the Feature Network (E). The latent representation is multi-
dimensional. The network configuration used in this paper uses 7 dimensions of 𝜇 and 𝜎.  
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Figure 10 also states “relu” in various locations. Relu (or ReLU ) refers to rectified linear unit 
activation function used in the corresponding layers[29]. The function of ReLU is described in (3).  
 
 𝑓(𝑥) = max	(0, 𝑥)                       (3) 
 
 
 

  
(a) (b) 

 
Figure A1. VAE network parameters.  

(a) Encoder, (b) Decoder. 
 

 
 

 

  
(a) (b) 

 
Figure A2. Feature and Prediction/Predictor network parameters.  

(a) Feature, (b) Predictor.  
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