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Traveling as a very popular leisure activity enjoyed by many people all over the world. Typically, people would visit the POIs that are popular or special in a city and also have desired starting POIs (e.g., POIs that are close to their hotels) and destination POIs (e.g., POIs that are near train stations or airports). However, travelers often have limited travel time and are also unfamiliar with the wide range of Points-of-Interest (POIs) in a city, so that the itinerary planning is time-consuming and challenging. In this paper, we view this kind of itinerary planning as MandatoryTour problem, which is tourists have to construct an itinerary comprising a series of POIs of a city and including as many popular or special POIs as possible within their travel time budget. We term the most popular and special POIs as mandatory POIs in our paper. For solving the presented MandatoryTour problem, we propose a genetic algorithm GAM. We compare our approach against several baselines GA, MaxM, and GreedyM by using real-world datasets from the Yahoo Flickr Creative Commons 100 Million Dataset (YFCC100M), which include POI visits of seven touristic cities. The experimental results show that GAM achieves better recommendation performance in terms of the mandatory POIs, POIs visited, time budget (travel time and visit duration), and profit (POI popularity).

Introduction

Traveling is entirely considered as a pleasure activity and it does not take long for travelers to travel. People have high travel expectations and enjoy their journeys and experiences. Travel itinerary or tour planning is one of the most important tasks for people to travel to unfamiliar cities and places. It mainly focuses on a plan with a sequence of visits of a given number of Points-of-Interest (POIs), which must be visited within a limited time. Additional information is also considered such as the number of POIs visited, travel time, and POI visit duration of the trip. Especially, in order to maximize the number of POIs and/or the visit duration, the travel time or the distance between POIs should be cut down. It is intuitive to include mandatory POIs, which are everywhere on the user's trip as they are often very popular or special POIs where tourists should visit in a city.

The existing works adapt a simple measure based on user interest and POI popularity for itinerary recommendations. In our work, we view this kind of itinerary planning as MandatoryTour problem, which is tourists have to construct an itinerary comprising a series of POIs of a city and including as many popular or special POIs as possible within their travel time budget. Hence, mandatory POIs are the term of the most popular and special POIs. We propose a travel itinerary recommendation approach, named GAM, to solve the Mandato-ryTour problem by using a genetic algorithm. Besides, we use real-world datasets which are derived from the Yahoo Flickr Creative Commons 100 Million Dataset (YFCC100M) provided by [START_REF] Thomee | YFCC100M: the new data in multimedia research[END_REF] to evaluate our approach. We make contributions to the field of itinerary recommendation as follows:

1. We introduce and formulate the MandatoryTour problem, which is the term the most popular and special POIs. 2. We propose the GAM algorithm for recommending an itinerary comprising a series of POIs of a city and including as many mandatory POIs as possible within travel time budget. 3. The results show that GAM outperforms better than several baseline methods and achieves good recommendation performance in terms of the mandatory POIs, POIs visited, time budget (travel time and visit duration), and profit (POI popularity).

The remainder of this paper is organized as follows. Section 2 introduces related work. Section 3 describes the problem definition and genetic algorithm model. In Section 4, our experiments are presented. The results and discussion are discussing in Section 5. The last section summarizes conclusions.

Related Work

In this section, we present state-of-the-art methods in related areas of genetic algorithm, itinerary recommendation, POI recommendation, and the differences in our research with existing works.

Genetic Algorithm in Tourism

Genetic Algorithm (GA) has its origins from the imitations of natural evolution and genetics. It uses multistage processing, such as initialization, selection, crossover, and mutation to optimize the solution. In recent years, researchers have been applied the GA to recommendations in the tourism area [START_REF] Hang | Design and Implementation of an Optimal Travel Route Recommender System on Big Data for Tourists in Jeju[END_REF]- [START_REF] Tiwari | Modeling Personalized Recommendations of Unvisited Tourist Places Using Genetic Algorithms[END_REF]. The main objectives of these works are to find the optimal travel route comprising a set of POIs, while the GA uses the fitness function to select the best route. More formally, [START_REF] Ke | Intelligent Point-of-Interest Recommendation for Tourism Planning via Densitybased Clustering and Genetic Algorithm[END_REF] studied the problem of user preferences to recommend a travel route. They estimated popular POIs where user has visited in the past by mining from the GPS trajectories. Then, the GA was used to model the interest of user for an unvisited place and improved the accuracy of the recommendation.

Itinerary Recommendation

Itinerary recommendation is a well-studied field that typically focuses on suggesting a sequence of POIs to visit. Most existing studies on itinerary recommendations focus on user interests within the given trip constraints towards the POIs [6]- [START_REF] Sylejmani | Planning the trip itinerary for tourist groups[END_REF]. Several research works apply itinerary recommendations in the field of Operations Research [START_REF] Lim | Personalized Itinerary Recommendation with Queuing Time Awareness[END_REF]- [START_REF] Taylor | Travel Itinerary Recommendations with Must-See Points-of-Interest[END_REF]. Most of these works are formulated as an Integer Linear Program based on the Orienteering problem and the traveling salesman problem variants using social media datasets. [START_REF] Lim | Personalized trip recommendation for tourists based on user interests, points of interest visit durations and visit recency[END_REF] studied the travel recommendation problem based on the Orienteering problem by proposing the PersTour model. First, user travel histories based on geo-tagged photos were extracted. Next, they used the first and last photos taken at each POI to sort POI visiting time and construct user travel sequence. At last, the PersTour algorithm with the characteristic of POIs, users' interest preferences and trip constraints were used to recommend personalized trip itinerary to users. There are also several real-life constraints like POI popularity [START_REF] Wang | Improving Personalized Trip Recommendation by Avoiding Crowds[END_REF], visit duration [START_REF] Cai | Itinerary recommender system with semantic trajectory pattern mining from geo-tagged photos[END_REF], travel time [START_REF] Zhang | Itinerary planning with time budget for riskaverse travelers[END_REF], queuing time [START_REF] Lim | Personalized Itinerary Recommendation with Queuing Time Awareness[END_REF], and photo frequency [START_REF] Lim | Personalized trip recommendation for tourists based on user interests, points of interest visit durations and visit recency[END_REF] to recommend itinerary recommendation systems.

POI Recommendation

In POI recommendation, the problem is to provide users with the suggestion of a set of popular and interesting places to users. The common recommendation techniques have been extensively studied such as content-based [START_REF] Binucci | Designing the Content Analyzer of a Travel Recommender System[END_REF]- [START_REF] La | Context-Aware Tourist Trip Recommendations[END_REF], collaborative [START_REF] Wang | Collaborative Deep Learning for Recommender Systems[END_REF]- [START_REF] Yang | Bridging Collaborative Filtering and Semi-Supervised Learning: A Neural Approach for POI Recommendation[END_REF], and hybrid approach [START_REF] Al-Hassan | A semantic enhanced hybrid recommendation approach: A case study of e-Government tourism service recommendation system[END_REF]- [START_REF] Kefalas | Recommendations based on a heterogeneous spatio-temporal social network[END_REF]. One example in [START_REF] Al-Hassan | A semantic enhanced hybrid recommendation approach: A case study of e-Government tourism service recommendation system[END_REF], the hybrid recommendation was proposed by merging content-based, collaborative, and knowledge-based techniques into a recommendation process for travel destinations to individuals and groups. The algorithm was based on the users' ratings, personal interests, and specific demands for the next destination.

Differences with Existing Works

We focus on interesting insights into the itinerary recommendation problems. Our proposed approach differs from the above existing works in several aspects. The current state-of-the-art itinerary recommendation approaches consider POIs with various trip constraints. These approaches do not consider mandatory POIs which are the actual place covering attractions, buildings, shopping malls, universities, transports, etc. In contrast, we propose an enhance itinerary recommendation system that considers mandatory POIs through these POIs with a specific starting and ending POI and additional constraints. So, the itinerary planning can be composed of a series of POIs including mandatory POIs within a certain time. We improve an itinerary recommendation by considering several aspects with the GA method to achieve better performance.

Problem Definition and Genetic Algorithm Model

In this section, we give the definitions used in our work and formulate the Manda-toryTour problem, and a genetic algorithm is presented for dealing with this problem. 

Problem Definition

Our proposed MandatoryTour problem which recommend an itinerary with mandatory POIs is NP-hard. A shortcoming of traditional methods that use a brute-force approach is that the complexity of MandatoryTour is exponential, which is caused by the increasing of the number of POIs. The objective of this problem is to maximize the number of mandatory POIs, while keeping travel time between POIs and visit duration under a fixed time budget. The recommended itinerary includes a specified starting POI and ending POI.

This problem can be viewed as a directed graph G =< N, E >, where N is the set of nodes (or POIs) and E represents the set of edges. Each edge connecting node i to j has a profit, a travel time, and a visit duration, and can be represented as f i,j , t i,j , and v i,j respectively. The total time cost that includes travel time and visit duration between visited POIs for a tour is no more than the time budget T M AX which limits how many POIs can be visited on the tour.

In this paper, an itinerary is defined as a path between specified starting POI and ending POI, and at least one other POI is contained. Note that all POIs in the itinerary can be visited only once, so sub-tours are excluded. Let C = {c 1 , ..., c L } be the set of POIs, and M = {m 1 , ..., m K } where K < L be the set of mandatory POIs, ideally an itinerary with mandatory POIs can be described as I = {c s , ..., m 1 , ..., m K , ...c d }, where c s is the starting POI and c d is the destination POI and c s , c d / ∈ M . 

Algorithm 1 GAM algorithm

Genetic Algorithm Model

In our genetic algorithm, P is the set of population, the set of genes of each individual p i is represented using POIs directly, in terms of the IDs of POIs, and we encode them as shown in the left part of Figure 1. An example of one-point crossover process is simply stated in the right part of Figure 1.

In fact, MandatoryTour problem is a multi-objective optimize problem, and as it is difficult to design a fixed fitness score for every tour. Therefore, we optimize the objective function directly instead. By giving different priorities to the metrics used in Section 4, the objective function is defined as follows:

if the number of mandatory POIs in p i has not been maximized

M axF (p x ) = M ax |px| i=1 χ M (px i ) where χ M (px i ) = 1 if p xi ∈ p x 0 otherwise
if the above one has been maximized and the visit duration of p i has not been maximized

M axF (p x ) = M ax |px|-1 i=1 |px| j=2 v px i ,px j
if the above two have been maximized and the total profit of p i has not been maximized

M axF (p x ) = M ax |px|-1 i=1 |px| j=2 f px i ,px j
We use the one-point crossover in our proposed approach because of the relatively small data sets, and the probability β = 0.8. For other parameters, mutation rate γ = 0.2, time budget σ ∈ {300, 250, 600, 450, 350} as it is different for each city, the population size α = 60, the iteration number δ = 100, and finally the best tour t is returned. The detailed optimization procedure is described in Algorithm 1.

Experiments

In this section, we describe our experiments, which include our datasets, baseline algorithms, evaluation metrics, and results and discussion.

Datasets

For our experiment and analysis, we use datasets from the Yahoo! Flickr Creative Commons 100M [START_REF] Thomee | YFCC100M: the new data in multimedia research[END_REF], which contains 100 million photos and videos. POIs with other details were collected from [START_REF] Taylor | Travel Itinerary Recommendations with Must-See Points-of-Interest[END_REF]. These geo-tagged photos were then mapped to a list of POIs based on their respective entries on cities in which the details refer to [START_REF] Lim | Personalized trip recommendation for tourists based on user interests, points of interest visit durations and visit recency[END_REF]. There are seven cities: Budapest, Edinburgh, Toronto, Vienna, Glasgow, Perth, and Osaka.

Baseline Algorithms

We compare our proposed GAM with several baseline algorithm to evaluate its recommendation performance.

1. GA Generates an itinerary without mandatory POIs. The generated itinerary comprises a path starting at a specified POI and ending at another specified one where the total profit and visit duration are maximized, the cost is minimized, and the total travel time is limited by a given time budget. Note that mandatory POIs may be included in the itinerary, and we will show its result in the next section.

GAM (our proposed model) Generates an itinerary with mandatory

POIs. This model is built upon the GA model using a similar objective function but adds mandatory POIs and the objective of maximizing the inclusion of the mandatory POIs. This model considers a general tour which generally includes popular or special POIs where tourists often want to visit.

3. MaxM Generates an itinerary with a relatively large profit with mandatory POIs. Mandatory POIs are added first then the other POIs by allocating a large profit value to each POI using the greedy strategy. This approach provides a profit baseline for the Mandatory problem. 4. GreedyM Generates an itinerary by adding the mandatory POIs first, then the remaining POIs. This is the simplest practical method to generate itineraries based on visiting mandatory POIs. As the tour focus on the mandatory POIs, a tour that has the most mandatory POIs within the time budget is preferred.

The algorithms used for this work were implemented using the C++ programming language.

Evaluation Metrics

We evaluate the performance of our algorithm and the baselines, which involves evaluating a specific starting and ending POI and additional constraints. The recommended itinerary contains the set of mandatory POIs or at least one of the mandatory POIs within a certain time based on travel cost budget and profit. Our algorithm utilizes evaluation metrics for the itinerary recommendation as follows:

1. Mandatory POIs The set of mandatory POIs that are popular or special POIs in the recommended itinerary. 2. POIs Visited The number of unique POIs that can be visited in the recommended itinerary. 3. Time Budget The total time budgets both travel time and visit duration in the recommended itinerary. Hence, travel time is the time traveled from one POI to another POI while visit duration is the time visited in each POI. 4. Profit The total profits of all POIs in the recommended itinerary.

Results and Discussion

In this section, we present and discuss the experimental results in term of mandatory POIs, POIs visited, time budget (travel time and visit duration), and profit (POI popularity). In addition, we considered four mandatory POI sets including one POI, two POIs, three POIs, and four POIs respectively, and they are randomly selected from the whole POI set.

Number of Mandatory POIs of Recommended Tours

The GA algorithm without mandatory POIs is the basis for comparisons with other algorithms, and visiting any of the mandatory POIs in a generated tour is not guaranteed. The result of the inclusion of mandatory POIs of generated tours by the GA algorithm is shown in Table 1. It can be seen that with the increase of mandatory set size, the number of tours successfully visited all mandatory POIs in the mandatory sets is decreased rapidly, however, the number of tours visiting at least one mandatory POI move up as more options are available. Table 2 presents the number of successful tours found by GAM, MaxM, and GreedyM, along with the different mandatory POI sets. The GAM algorithm achieves moderate performance in all cities.

Number of Total POIs Visited of Recommended Tours Table 3 presents the average number of total POIs visited every algorithm's generated tours. Overall, GAM has the best performance among all algorithms over all the cities. Specifically, for the GAM algorithm, the mandatory POI set of four including more POIs than smaller mandatory sets, but for MaxM and GreedyM, they see a decline along with the increase of the mandatory POI set size. This is reasonable because of the mandatory POIs may limit the MaxM and Greedy algorithms' performance in the metric of average number POIs visited.

Travel Time and Visit Duration of Recommended Tours From Figure 2, we can see that the total travel time for the itineraries generated by all methods was never exceeded, and the GAM uses the time budget efficiently in all seven cities, in the meanwhile, the visit duration also utilized better, and GA has the similar results with GAM. In contrast, the GreedyM often comes the last about allocating the time budget, and MaxM's performance just above GreedyM.

Total Profit of Recommended Tours The results of the average profit of recommended tours are shown in Figure 3. It is clear that the GA algorithm gets the highest profit in almost every city as there are no extra constraints except the time budget, and the GAM comes the second. In addition, the reason why the MaxM algorithm does not achieve the best performance is that the greedy strategy limits it to generate a tour with the optimal solution.

Conclusions

In this paper, we formulated the kind of itinerary planning as MandatoryTour problem, which comprised a series of POIs of a city and including mandatory POIs within travel time budget. The mandatory POIs can be termed as the most popular and special POIs. We then solved this MandatoryTour problem by a generic algorithm and we proposed this approach as the GAM algorithm. We also used real-world datasets which are derived from the Yahoo Flickr Creative Commons 100 Million Dataset (YFCC100M), which include POI visits of seven touristic cities. Compared with several baselines GA, MaxM, and GreedyM, GAM achieved better recommendation performance in terms of the mandatory POIs, POIs visited, time budget (travel time and visit duration), and profit (POI popularity).
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 1 Fig. 1. An Example of POI Code and One-point Crossover
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 2 Fig. 2. Average Travel Time and Visit Duration by Number of Mandatory POIs for each city.
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 3 Fig. 3. Average Profit by Number of Mandatory POIs for each city.

Table 1 .

 1 Number of GA itineraries (out of 100) which visited all or at least one mandatory POIs. Higher values are better.

			Visited all			Visited at least one
			mandatory POIs		mandatory POIs
	City	1	2	3	4	1	2	3	4
	Budapest	28	13	1	1	28	65	77	82
	Edinburgh 53	22	8	3	53	69	78	86
	Toronto	31	18	7	1	31	67	73	88
	Vienna	34	5	5	1	34	53	68	77
	Glasgow	43	22	12	5	43	68	82	89
	Perth	50	20	8	5	50	67	81	88
	Osaka	48	15	5	1	48	65	78	88

Table 2 .

 2 Number of successful itineraries (out of 100) which included mandatory POIs. Higher values are better and the best performance among GAM, MaxM, GreedyM is in bold.

				GAM				MaxM			GreedyM	
			mandatory POIs		mandatory POIs		mandatory POIs
	City	1	2	3	4	1	2	3	4	1	2	3	4
	Budapest 89 81 49 34 89 78 45 27 89 78 45 27
	Edinburgh 87 50 31 15 87 75 58 36 87 75 58 36
	Toronto	77 54 36 14 77 50 29 7	77 50 29 7
	Vienna	87 56 23 10 87 65 39 18 87 65 39 18
	Glasgow	81 66 42 22 81 60 37 16 81 60 37 16
	Perth	86 63 46 21 86 67 47 23 86 67 47 23
	Osaka	99 86 64 31 99 88 69 49 99 88 69 49

Table 3 .

 3 Average number of POIs visited including failed itineraries by algorithm, mandatory POIs set size and city. Higher values are better and the best performance among GAM, MaxM, GreedyM is in bold.

		GA		GAM			MaxM			GreedyM
			mandatory POIs	mandatory POIs mandatory POIs
	City	1	2	3	4	1	2	3	4	1	2	3	4
	Budapest 12.82 10.3 10.1 9.4 8.4 4.3 4.6 5.1 5.3 4.6 4.8 5.2 5.4
	Edinburgh 12.57 12.7 10.4 10.2 9.8 3.8 4.5 5.1 5.5 5.3 5.6 5.9 6.2
	Toronto	12.02 9.8 10.1 9.2 8.4 4.5 4.9 5.2 5.3 4.1 4.3 4.6 4.9
	Vienna	10.62 10.4 7.9 7.6 7.2 3.1 3.8 4.3 4.7 4.2 4.7 5.0 5.2
	Glasgow 12.42 10.4 10.0 9.5 9.1 4.3 4.3 4.6 4.8 4.3 4.6 4.8 5.1
	Perth	10.82 10.2 8.9 8.3 8.2 4.5 4.8 5.1 5.4 4.6 4.9 5.1 5.5
	Osaka	10.75 11.2 7.8 7.3 7.0 5.2 5.3 5.6 5.9 5.7 5.5 5.8 6.0