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Abstract

:

This paper addresses the formulation of an individual fruit harvest decision as a nonlinear programming problem to maximize profit, while considering selective harvesting based on fruit maturity. A model for the operational level decision was developed and includes four features: time window constraints, resource limitations, yield perishability, and uncertainty. The model implementation was demonstrated through numerical studies that compared decisions for different types of worker and analyzed different robotic harvester capabilities for a case study of sweet pepper harvesting. The results show the influence of the maturity classification capabilities of the robot on its output, as well as the improvement in cycle times needed to reach the economic feasibility of a robotic harvester.
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1. Introduction


The supply chain for fresh fruit and vegetables involves a number of steps from crop selection to shipment to the customer, including harvesting, processing, packaging, and transporting the produce [1]. Operational research models have been developed for this supply chain at three decision levels: strategic, tactical, and operational [2,3]. The strategic level includes long-term horizon decisions, for example, deciding on farm and plot locations [4]. The tactical level involves medium-term decisions, such as crop selection, scheduling, and allocation [2,5]. The operational level involves short-term decisions, such as water allocation, land preparation, pricing decisions, and harvest scheduling [5,6,7].



Harvest planning includes several factors (e.g., scheduling and machinery capacity, allocation, and timing) that have been investigated at all three levels. At the strategic level, research has focused on topics such as the number of harvesting machines needed for filling a specific storage capacity [8] and the evaluation of different planting and harvesting alternatives using bio-economics characteristics [2]. At the tactical level, research has focused on allocating harvester machines between a number of fields to reduce costs [9] and on optimizing harvesting and loading sequences to minimize delays in moving products to storage [10]. At the operational level, research has been conducted on optimizing harvest data to maximize mill productivity, and on analyzing the labor effect on fruit quality and quantity at harvest [2,11,12]. However, there are no studies examining operational decisions related to the harvesting of individual fruit.



Selective harvesting of high-value crops, such as apples, tomatoes, and broccoli, is currently performed mainly by humans, rendering it one of the most labor-intensive and expensive agricultural tasks [13]. Any attempts to mechanize all or parts of the supply chain for these crops must take into account the decades-long research on the robotization of many different agricultural applications, such as transplanting, spraying, cultivating, trimming, and selective harvesting [14]. This research has indeed indicated the technical feasibility of using robotic harvesters in orchards (e.g., apples [15,16] and citrus [17,18]), greenhouses (e.g., tomatoes [19] and sweet peppers [20]) and open fields (e.g., melons [21] and asparagus [22]), but the robots developed to date still lack commercial applicability, since they have failed to reach the efficiency of human harvesters [13,23].



A robotic harvester must detect the fruit, reach the fruit, decide whether to harvest the fruit, and then grasp and disconnect the fruit from the branch. The harvest decision of a selective robotic harvester thus includes a number of aspects. First, methods for maturity classification must be developed [24,25]. Second, since many fruits are hidden or partially obscured, the best camera viewpoints for maturity classification must be selected [26]. Since additional viewpoints cost time, an intelligent decision as to the necessity for an additional viewpoint and its location is needed [27]. The third and last aspect investigates the operational considerations of maturity classification and harvesting, namely, deciding whether the fruit is ripe and whether to harvest it, based on a consideration of the above points. By addressing these aspects, the harvest decision of a selective robotic harvester can be improved.



To the best of our knowledge, no research has examined the decision making of a selective robotic harvester. This research lacuna may be attributed to the research focus on proving the technical feasibility of robotic harvesters [23], i.e., developing sensing and grasping capabilities. Once the technical feasibility of robotic harvesters has been proven, successful implementation and commercialization will depend on their integration into the production cycle [28], similarly to milking robots: after the technical feasibility of the milking robot had been successfully demonstrated, different operational research aspects were investigated at various levels, including optimal allocation in a robotic milking barn [29], the design and layout of an optimal barn [30], and prediction of the milking robot utilization [29].



One of the operational aspects of a harvesting robot is harvest planning, which includes scheduling, routing, and resource allocation to ensure high quality of the final products [1]. The agricultural environment is characterized by several variabilities and challenges, deriving from its unstructured and dynamic make-up and the biological nature of the product [27,31,32]. Fruit and vegetable crops vary widely in physiology and management practices, which may involve multiple harvests in a single season [33]. In particular, in high-value crops, harvesting is performed several times along a production season. These crops are generally non-staple crops, such as fruit, vegetables, ornamentals, and spices [34]. For such crops, the decision to harvest a specific fruit/vegetable depends on the fruit/vegetable maturity level, the harvesting capacity, and market demand.



In this work, we aimed to develop a model for selective harvesting based on the maturity of the fruit, where harvesting can be performed by human workers or robots, with each type of harvester having different abilities to identify maturity. The model formulation and analyses are demonstrated in numerical studies using sweet pepper harvesting as a case study.



We determined the optimal harvest production order to maximize farmers’ profit. The production order defines how many peppers of each maturity level to harvest on each specific harvest day along the harvesting season. The production order defines the harvesting capacity needed, i.e., the number of workers/robots required to achieve this production. Usually, different types of workers are available for harvesting, and in the future, robotic harvesters might also be integrated into the harvesting process [14,23]. The factors that determine the type of worker include costs (salary), the number of peppers each worker can harvest each day, and the worker’s ability to classify the peppers into different maturity classes. For example, an inexperienced worker is able to classify peppers into only two maturity classes—mature and immature. An experienced worker can classify the pepper into four maturity classes—immature, partly mature, mostly mature, and must be harvested [35]. Therefore, more experienced workers, who are better able to estimate the pepper maturity level, will harvest the fruit at the best fit time, resulting in an overall higher pepper weight (since the fruit will stay longer on the plant and continue to develop).



A robotic harvester will be able to non-destructively classify the exact maturity level [24,36,37,38,39] and will have a higher harvest capacity than a human worker, but will also have higher costs [23]. Only a few previous studies have investigated and analyzed the economic effect of robotic harvesting, focusing on the machine cost per area unit, compared to human workers [1,40]. This work extends the literature by estimating the selective robotic harvester quality savings, taking into consideration both the cost (comparing robot costs to manual costs) and the effect of maturity classification using a robotic harvester (the quality effect).



The remainder of this paper is organized as follows: Section 2 gives the relevant background and previous research. Section 3 describes in detail the basic formulation of the harvesting problem, and Section 4 and Section 5, respectively, present expansions of the basic formulation and numerical studies. Finally, Section 6 concludes the paper.




2. Literature Review


Harvest yields tend to be uncertain regarding quantity, quality, and timing, due to dynamic and unpredictable weather, soil, and water conditions [1,41]. Moreover, the harvesting time of individual fruits or vegetables will influence the production yield and quality [11]. The harvest time is affected by many factors, such as cultivation practices, weather conditions, soil conditions, geographical location, rate of quality decay, storage capacity, the required processing needed, and transport considerations [1,11,41]. Given the yield and quality attributes and the transport and storage restrictions, mathematical optimization techniques, such as linear or integer programming, are often used to determine the best possible harvest time [8]. This type of programming determines the best harvesting time for different objective functions, such as maximum profit or minimum expenses [2,11]. To date, this best harvesting time has been considered at the field level only for non-selective harvesting (i.e., when to harvest a specific field with a single harvest).



Another decision that must be made before harvesting concerns the number of workers to recruit for the harvest season. Labor costs are a significant expense in agricultural production, specifically in the harvesting process [42]. Harvesting often involves migrant seasonal workers and requires recruitment processes that take time and require planning [43]. Furthermore, it is necessary to maintain a balance between ensuring a sufficient number of workers to harvest the ripe products (not missing harvestable produce due to a lack of workers) and ensuring that workers are fully utilized to reduce operational costs.



Usually, the harvest planning problem is modeled using a mathematical formulation and then solved by different operational research methods [2]. Integer linear programming, the most common method [2], has been used to find the optimal date for grape and apple harvesting, taking into consideration operational costs and fruit quality [44,45]. In these studies, the harvest date was set for non-selective harvesting, i.e., harvesting the whole field at once. A different planning model for wine grape harvesting involving uncertainty combined integer linear programming and robust stochastic optimization [26]. Other studies have used dynamic programming [10] and simulation models [46] to solve problems in harvest planning. However, all of these studies addressed decisions related to the whole field and did not relate to individual fruits.



Any study related to the modeling of harvest planning must take the following features into consideration, as reviewed in [1]:




	
Time window constraints—The model should consider the optimal time for harvesting and the quality decay resulting from harvesting outside of that time window, as well as its effect on revenues.



	
Resource limitations—These include capacity and productivity constraints, together with labor and machine availability.



	
Yield perishability—The deterioration of fresh products during the post-harvest period must be taken into account. Yield perishability can be modeled in several ways, including continuous deterioration curves, a loss factor for each period after harvesting, and the effect of product deterioration on customer demand.



	
Uncertainty—There is uncertainty in the harvest yield (quantity and quality), due to unknown weather conditions and the inherent variability of agricultural processes.



	
Inventory control—The inventory should be considered in terms of holding costs, duration of keeping in the inventory constraints, or as a decision variable.








Integrating all of the above elements into a single model is complicated and may be impossible to solve in reasonable computational times. Therefore, heuristics algorithms are usually developed to derive an operational solution [47].



None of the studies covered in the review [1] included all the aforementioned features, and only two included four out of the five features. Maatman et al. created a multiperiod stochastic model to determine the cultivating strategy for crops under rainfall uncertainty [48]. This model did not include time window constraints, i.e., the optimal time for harvesting was not considered. Annetts and Audsley considered four out of the five features described above. Their study dealt with cultivating strategy and machinery selection [49], aiming to maximize profits while minimizing environmental impact. The developed model did not include the uncertainty feature; the researchers used historical weather data to determine the available working hours of the machines but did not consider the weather data effect on crop maturity, yield, and costs [49]. In addition, none of the above models considered selective harvesting (focusing on decisions related to individual fruit). The current paper addresses this knowledge gap by focusing on decisions related to individual fruit and taking into consideration four features for selective harvesting. The inventory control feature was excluded, because we assume that fresh fruit are supplied on the same day of harvest.



The literature review revealed three studies that solved a problem with similarities to planning the harvest of a selective crop. Arnaout and Maatouk developed a model for scheduling the harvest operation of grapes to maximize harvest quality with minimum cost. Their model used a quality decay function to measure the quality loss of the grapes and its effect on the profits corresponding to the harvest date [47]. However, in this case, the grape crop was harvested once in a season (not selectively harvested). In contrast, crops such as sweet peppers require selective harvesting, once every few days. Each fruit could be harvested at different maturity levels over an extended period. Therefore, when planning to address the harvest of a selective crop problem, the inventory level and product quality can be controlled via the right decision related to the harvested product’s maturity level.



Golenko-Ginzburg et al. developed a multilevel decision-making system for human and machine cotton harvesters. They created a hierarchical system of three levels; the first level determines the harvesting speed, the second level re-allocates the resources to create balanced teams, and the third level re-allocates the teams among farms, aiming to maximize the probability of completing cotton harvesting by a due date [50]. The principle of integrating two types of resources (man–machine) is similar to the current work formulation. However, cotton, similar to grapes, is a non-selective crop and is harvested all at once. Therefore, adjustment for a selective crop, such as sweet peppers, was needed and was the aim of this paper.



Albornoz et al., suggested an approach for grape-selective harvest scheduling and planning via management zone delineation [51]. Their work minimized the total costs of harvest operations and established planning and scheduling for selective harvest of each selected management zone. Although dealing with selective harvesting, their article did not consider the fruit growth function or the maturity status of individual fruit.



In this paper, we present a model for deciding on the selective harvest of an individual fruit. Four features are considered in the model, which is based on an economic analysis that takes into account robot/worker capabilities and the growth model of the fruit. The model is demonstrated for sweet pepper harvesting, but it is general and can be applied to other crops requiring selective harvesting.




3. Problem Description and Formulation


3.1. Growth Function


Sweet pepper fresh weight, similar to other fruits, is determined in terms of days after anthesis (DAA). Anthesis is taken as time zero, after which the pepper continues to grow, and after dm days from anthesis, if not harvested, the pepper is considered rotten and cannot be supplied to the customer. Let   W  ( d )     denote the weight of a pepper  d  days after anthesis.   W  ( d )     is determined via the pepper growth function. Several growth functions for sweet peppers can be found in the literature [52], and the following common growth function was used [52]:


  W  ( d )  =    W  m a x      (  1 +  e  − a  (  d −  d m   )     )     



(1)




where    W  m a x     is the maximum weight of the pepper,    d m    is the maximal value of  d , and  a  is a constant determining the curvature of the growth pattern [33].



The pepper maturity class is determined by d. In the future, a robotic harvester might be able to identify the exact d for the pepper. However, workers can distinguish only between pepper maturity classes (they cannot identify the exact d of a pepper), since it would require tagging each flower, which is an expensive and complicated task. Therefore, the maturity classes are modeled as follows; the lowest maturity class is defined as pepper DAA between [d1start, …, d1end], the second-lowest maturity level is defined as pepper DAA between [d2start,…, d2end], etc.




3.2. Model Formulation


Inputs



	
  n  —number of periods



	
  m  —number of maturity levels



	
  d  —number of days after anthesis



	
   d  j s t a r t    —min days after anthesis of maturity level j



	
   d  j e n d    —max days after anthesis of maturity level j



	
   y  d , 1    —number of peppers d DAA available to harvest in the first period



	
   I  0    —number of peppers at anthesis each day



	
   C h   —harvester capablities in one period



	
  p  —price per kilogram of pepper fresh weight



	
  W  ( d )   —fresh weight (kilogram) of pepper d days after anthesis



	
  S  —harvester’s salary/rental cost through all planning horizons



	
  F  —total fixed expenses through all of planning horizons, including utilities, land, water, fertilization, planting, and taxes






Variables



	
   N   —number of harvesters (hired workers or equivalent numbers of robots see Section 5.2.2) (decision variable)



	
   H  j , t    —peppers harvested from maturity class j in period t (decision variable)



	
  T H  W t   —total harvest weight of the peppers in period t (fresh weight in kilograms)



	
   A  j , t    —peppers from class j available to harvest at the beginning of period t



	
   P  d , t    —peppers d days after anthesis that are harvested in period t



	
   Y  d , t    —peppers available to harvest d days after anthesis at the beginning of period t






The farmer has two decisions to make: the number of harvesters to use for the harvest season (N), and the number of peppers to harvest from each maturity class at each period (   H  j , t   )  . Since we are dealing with selective harvesting, the number of harvesters is calculated as the number of workers or the equivalent-performing robotic harvesters (see Section 5.2). The harvest season is  n  periods long, and the harvesters can distinguish between peppers in  m  maturity classes.



The objective function represents the profit to the farmer and includes the following components: income from the harvested peppers (calculated as the fresh weight of the harvested peppers (  T H  W t   ) multiplied by the price per kilogram (  p ) )  ; variable expenses (calculated as the number of harvesters (  N )   multiplied by the workers’ salaries or the robots’ rental cost (  S )    through all planning horizons); the total fixed expenses (F) through all planning horizons (calculated by summing expenses due to utilities, land, water etc.):


  M a x   Z = p ×   ∑   t = 1  n  T H  W t  − N × S − F  



(2)




subject to: (the constraints are explained one by one below):


    Y  1 , t   =  I 0                            ∀ t = 2 … n   



(3)






    Y  d , t   =  Y  d − 1 , t − 1   −  P  d − 1 , t − 1                             ∀ t = 2 … n ,   d = 2 …  d m    



(4)






    Y  d , t   ≥    P  d , t                             ∀ t = 1 … n ,   d = 1 …  d m    



(5)






    H  j , t   =   ∑   d = d j s t a r t   d j e n d    P  d , t      ∀ t = 1 … n ,   j = 1 … m   



(6)






    A  j , t   =   ∑   d = d j s t a r t   d j e n d    Y  d , t      ∀ t = 1 … n ,   j = 1 … m   



(7)






    A  j , t   ≥    H  j , t      ∀ t = 1 … n ,   j = 1 … m   



(8)






     ∑   j = 1  m   H  j , t     ≤     N ·  C h     ∀ t = 1 … n   



(9)






   T H  W t  =   ∑   d = 1   d m    (  W  ( d )  ×  P  d , t    )     ∀ t = 1 … n   



(10)







Equations (3)–(5) define the mechanism of pepper growth in the greenhouse using the variables    Y  d , t     and    P  d , t    . The number of available peppers d DAA at the beginning of the planning horizon (   Y  d , 1    ) is given. Since the actual d of a pepper is unknown to the workers, the decision is made based on the maturity classes (   A  j , t     and    H  j , t   )  , as described above. The composition of each maturity class is obtained from Equations (6) and (7). In addition, the number of peppers harvested from each maturity class is limited by the peppers available, seen in Equation (8), and the maximal number of peppers harvested is determined by the number of harvesters in Equation (9). The actual harvest weight (  T H W  ) is determined via the harvested pepper’s d, as in Equation (10).



If we take into consideration the potential of a robotic harvester, the above set of constraints is somewhat different. If we assume that the robots can identify the exact DAA d, then    H  j , t     =    P  d , t     and thus constraints 6–8 can be removed and    P  d , t      is replaced by    H  j , t      in the remaining set of constraints.



This model formulation contains [   (  n × m  )  + 1 ]   variables and [  n ×  (  m + 1  )    + 2] constraints. We note that different methods for solving nonlinear programming differ in the computational effort expressed by the number of variables and constraints.




3.3. Dealing with Uncertainty


The complex aspect of this formulation is to update the value of    P  d , t   ,   which determines the harvested yield weight and the relation between    H  j , t     and    P  d , t    . To update the values of    Y  d , t     between periods, the value of    P  d , t     must be known, as is shown in Equation (4).



To determine the exact value of    P  d , t    , the distribution of the harvested peppers (   H  j , t    ) within the different DAAs must be known. Since it is impossible to know the actual DAA of a harvested pepper, a stochastic process must be considered. We considered four ways to deal with this problem:




	
Distribute the harvested peppers uniformly among the different DAAs.



	
Distribute the harvested peppers in proportion to the available peppers of each DAA.



	
Create a worst-case scenario in which the peppers with the lowest weight (lower DAA) available in a maturity class will be harvested.



	
Create a best-case scenario in which the peppers with the highest weight (highest DAA) available in a maturity class will be harvested.








For example, in a problem in which the second maturity level is defined as peppers of 5 to 7 DAAs, let us assume that in period 1, the peppers available are:     Y  5 , 1   = 4  ,     Y  6 , 1   = 6 ,      Y  7 , 1   = 2  . This implies that    A  2 , 1   =   ∑   k = 5  7   Y  k , t   = 4 + 6 + 2 = 12  . Now, let us assume the algorithm decided to harvest six peppers from level 2 in period 1:    H  2 , 1   = 6 .  



	
The first method, distributing uniformly, will set    P  5 , 1   = 2  ,    Y  P  6 , 1   = 2 ,      P  7 , 1   = 2 .  



	
The second method, distributing in proportion, will set      P  5 , 1   =  4  12   × 6 = 2  ,     P  6 , 1   =  6  12   × 6 = 3 ,      P  7 , 1   =  2  12   × 6 = 1 .  



	
The third method, the worst-case scenario, will set    P  5 , 1   = 4  ,    Y  P  6 , 1   = 2 ,      P  7 , 1   = 0 .  



	
The fourth method, the best-case scenario, will set    P  5 , 1   = 0  ,    Y  P  6 , 1   = 4 ,      P  7 , 1   = 2 .  






All four ways suggested for dealing with uncertainty are a function of the decision variables and, therefore, create a nonlinear formulation.





4. Model Extensions


The suggested formulation (Section 3) is based on certain assumptions that enable a solution to be reached in reasonable computational time. This section discusses and offers modifications of the formulation to accommodate different aspects of harvest planning.



4.1. Limiting the Harvested Rows and Deciding on the Rows to Harvest


In the current formulation, all fruits in the greenhouse are available for harvesting in each period. The greenhouse is separated into rows. Usually, the harvesters harvest only a subset of the total rows in the greenhouse (block) each working day, spacing the time between one harvest cycle and the next. Such spacing enables fruits to continue to grow (increase weight) and creates a higher supply of grown peppers to harvest in the next harvest cycle of the block (the subset). Moreover, harvesting only a subset of rows saves transition times while advancing along the rows, creating a more productive environment.



An additional index, the block index, should be added to the formulation to apply this approach. However, such a change will increase the number of variables and constraints in the current formulation, making it difficult to solve in a reasonable computational time. Therefore, we applied an additional solution for this approach, which is easier to solve; we ran the formulation for each block of rows separately. By doing this, the definition of time between periods could be changed. Instead of representing one day, the time between periods could be the time between two harvest cycles of the same block. This change in the definition of time between periods requires scaling the growth function to the appropriate time, rather than days. For example, if each block is harvested every ten days, the growth function should be scaled from the change in fruit weight d DAA to change in fruit weight 10 × d DAA.




4.2. Modeling the Change in Pepper Price


The price of a kilogram of fresh peppers varies between different periods along the harvesting season. While this price variation affects the decision of how many peppers are to be harvested in each period, the price for each period cannot be known in advance, since it relies on market supply and demand. Therefore, the price can only be estimated using post data. Once the prices are estimated, they can be added to the formulation as input. Then, instead of multiplying the total harvest weight (THW) of all planning horizons for the same fixed price per kilogram (p), the THW of each period can be multiplied by the specific period.





5. Numerical Studies—Harvesters with Different Capabilities to Classify Pepper Maturity Levels


As described in the Introduction, workers may have different capabilities to classify peppers into different maturity classes. A robotic harvester may be able to identify the exact maturity level of a pepper, but renting a robot incurs a certain cost. Based on the different harvesting capabilities, farmers need to select harvesters. Three numerical studies were conducted representing problems faced by a typical farmer. The first (Section 5.1) explores different types of worker. The second (Section 5.2) analyzes the potential capabilities of a robotic harvester in comparison to human harvesters. Finally, an economic return-on-investment analysis for the robotic harvester was conducted (Section 5.3) based on the results of the second example. The model parameters were chosen based on [20,53,54] and data obtained from an interview with a sweet pepper farmer in Israel for a sweet pepper greenhouse of a size of 1.2 hectares (Table 1). Since the aim of the numerical studies was to demonstrate the practical implementation of the model, small/medium-size problems were analyzed, where the number of periods n was set to 20. The problems were solved via a Microsoft Excel solver add-in using the generalized reduced gradient nonlinear method, which derives a local optimum solution (solver’s maximal size is 200 decision variables and 100 constraints).



5.1. Analysis of the Type of Worker


This numerical example aims to analyze the effect on the objective function of the workers’ ability to classify peppers into multiple classes. The workers were classified into three types based on their experience, where the assumption was that more experienced workers can classify fruit into a higher number of maturity levels. The data regarding the classifying ability of each worker is given in Table 2. Two versions of the model formulation were run for each worker type. The first version ran the exact formulation described in Section 3.2 to determine the optimal number of workers and how many peppers to harvest from each maturity class (Section 5.1.1). In the second version, the number of workers was fixed, and the only decision variable was the number of peppers harvested from each maturity class for a given number of workers (Section 5.1.2).



5.1.1. Number of Workers Is a Decision Variable


The results in Table 3 show that the best performance for a variable number of workers was derived for the experienced workers (Type C). However, the mid-experienced workers (Type B) obtained a higher total harvest weight with only a slight difference (0.4% less) in the profit. It seems from the results that for each type of worker a solution with a different number of workers was derived. A possible reason for this result is that the generalized reduced gradient method produces a local optimum solution. The difference between the profit values signifies the maximal difference in workers’ salaries that the farmer will agree to pay for the change in the type of worker. The difference resulted in 14.2%, 0.4%, and 13.5% improvements in profit when changing the workers from Type C to A, Type C to B, and Type B to A, respectively. The formulation results lead to two strategies for the harvest plan (Figure 1) based on the inputs in Table 1.



In the first strategy, workers of Types A and C harvest peppers at the same rate throughout the whole month. In the second strategy, workers of Type B harvest only at the beginning and at the end of the month. This strategy allows the fruit to keep gaining weight until the harvest at the end of the month.



The first strategy is simpler to implement, since the solution fully utilizes the workers/robots. The second strategy has the potential for better utilization, but requires tight planning. Since there are periods without harvesting, in those periods, the workers/robots can work in a different greenhouse (or different areas in a larger greenhouse) by synchronizing the harvest periods.




5.1.2. Fixed Number of Workers


This example demonstrates how workers’ experience affects the total harvest weight. The formulation was executed for the three sub-cases with a fixed number of workers as input (the number of workers, N, was set to two instead of being a decision variable). The results in Table 3 show that there is a slight difference between the performances of Type B and Type C workers. However, there are more marked differences in the total harvest weight between Type A and Types B and C, with 9.3% and 9.5% improvements, respectively.





5.2. Analysis of the Robotic Harvester Capability


The assumption is that a robotic harvester can potentially classify fruits into multiple maturity classes, even to their exact DAA, by using AI methods [52]. Peppers are therefore harvested at the optimal time giving higher weights. In this numerical example, we compared different types of human harvesters (Table 1) with a robotic harvester.



5.2.1. Difference in the Total Harvest Weight between Robotic and Human Harvesters with the Same Capabilities


This analysis investigated the difference in the total harvest weight (THW) between a single robot and a number of workers of different types, where the robot and the total number workers had the same harvest capabilities    C h   . This type of analysis can be applied to estimate the cost efficiency of a robotic harvester and the maximal price a farmer will agree to pay for such a robot for one month of operation. To evaluate how the robot’s ability to classify peppers according to their DAA affects the harvest weight (THW) in one month, the THW of a robot was compared to the THW of a number of workers, where the number of workers was set to a number giving the same    C h    as one robot (Table 1). The robot’s THW was then compared to the THW of the workers for each worker type. Six workers (  N = 6  ) were selected as the basis for comparison, with a total capacity of    C h  =   40,500 fruits per working day being equivalent to the ability of one robot. Any number lower than this (produced by six workers) creates an imbalanced use case with a high supply of peppers in the greenhouse, resulting in the harvesting of peppers solely from the highest maturity class. Similarly, any number higher than    C h  =   40,500 creates a use case in which all the peppers available in the greenhouse are harvested.



The results in Table 4 show the robotic harvester’s high potential, with a 12.28, 7.33, and 4.9% increase in the THW when compared to workers of Types A, B, and C, respectively. The results show the importance of the ability to classify maturity for evaluating the feasibility of using a robotic harvester. Since the results are presented in terms of harvest weight, the higher the pepper price, the greater the advantage of the robot when compared to the workers. From Table 4, the difference in THW between the robot and the workers can be calculated as quality savings [55] (pp. 683–687) measured for the planning horizon period. For example, the quality savings between the robot and Type B workers is 2716 kg/month, resulting in overall savings of 23,765 kg/year. The quality savings can then be used to calculate return-on-investment measures. This analysis also reveals the importance of decreasing the robot’s cost to increase its economic feasibility, as expected.




5.2.2. Required Cycle Time for the Harvester Robot


This analysis aimed to assess the required cycle time for the harvester robot to reach the same THW of the human harvesters based on the results of the analysis in 5.2.1 (Table 4). The required robot harvest capabilities (   C h   ) to achieve the same THW were searched manually using the “goal seek” method. The results show that robot harvest capabilities (   C h   ) of 34,000, 36,070, and 37,370 kg in one working day are needed to reach the same THW as Type A, B, and C workers, respectively. However, it should be remembered that the robot’s capabilities were compared to the capabilities of six workers. Therefore, assuming that the robot can work 20 h a day [56], Table 5 shows the equivalent number of workers for different harvester robot cycle times. It has been reported that harvester robots achieved cycle times between 5.5 and 24 s to harvest a single fruit [20], which according to this analysis, is equal to 0.5 to 2.3 workers (Table 5). The results show the importance of the robot harvest capabilities in one period and the improvement in cycle times needed for a robotic harvester to reach economic feasibility.





5.3. Payback Period and Rate-of-Return Analysis


Two return-on-investment measures for the harvester robot were calculated, similar to the analysis suggested by [55] (pp. 683–687): the payback period and the internal rate of return (IRR) in five years. The payback period is the number of years required for incoming cash flows to balance cash outflows. The IRR is the annual growth rate that an investment is expected to generate [55]. The analysis required cost estimation of the investment in the robot and the savings via its use. It includes the following data based on SWEEPER project estimations [56]:




	
The cost of the robot is set at 100,000, 130,000, or 160,000 €



	
The harvest season lasts 35 weeks per year



	
Manual harvesting requires 3 s/pepper



	
Robot harvesting requires 10 s/pepper



	
Manual harvesters work five months, five days/week, 8 h/day



	
A robotic harvester works 20 h/day, six days/week



	
Manual harvest hourly rates of 16.5 (corresponding to rates in the Netherlands) and 9.97 € (corresponding to rates in Israel) result in 23,100 and 14,000 €/year, respectively








In addition, the analysis estimates robot operation costs of 20,000 € for the first two years and 10,000 € for the years thereafter. The use tax rate and the depreciation were based on the United States Internal Revenue Service’s Modified Accelerated Cost Recovery System (MACRS), as in ref. [55] (p. 684).



The analysis included the following data, based on the corresponding use case (Section 5.2.1); the use case considers four harvest weeks of planning, multiplied by 8.75 to represent the number of plannings per year. The formulation result was used to estimate the robot quality savings. Type B workers were chosen for the analysis, resulting in 23,769.4 kg/year of quality savings.



The results in Table 6 show that, considering the highest robot cost (160,000 €), for pepper prices lower than 1.25 and 1.75 €/kg, it will take more than five years to recover the robot investment in both the Netherlands and Israel. The p of sweet peppers in the Netherlands varies between 1.2–1.3 €/kg, resulting in 4.72 payback periods and 1.9% IRR. The p of sweet peppers in Israel varies between 1.7–2.2 €/kg, resulting in 3.98 payback periods and 7.8% IRR.



For a lower robot cost, a 100,000 € return on investment will reduce to a payback of 3.21 and 2.71 years for the Netherlands and Israel, respectively. As expected, the return-on-investment measures are sensitive to both the pepper price and the robot cost.





6. Conclusions


This paper presents a formulation for decisions related to the selective harvesting of individual fruit. The formulation serves as the basis for the operational decision of the production order and can assist farmers of selective crops in deciding how many fruit to harvest from each maturity class and the required number of harvesters (workers to hire for the harvesting season or equivalent performing robot). It takes into consideration four features, namely, time window constraints, resource limitations, yield perishability, and uncertainty. We suggest ways to deal with agricultural product uncertainty and adopted the formulation to different variations of the problem. The formulation was demonstrated here for a case study of sweet pepper harvesting. The case study presents the required cycle times for a robotic harvester and return-on-investment measures for different pepper and robot costs. The research formulation also enables the estimation of robot quality savings, a critical factor in a return on investment analysis and provides an economic analysis for different robot capabilities. The numerical examples analyzed the difference between types of worker and showed the potential added value of a robotic harvester, which can improve maturity classification and harvesting capabilities. This work focused on demonstrating use cases for farmers based on solutions obtained with personal computer-based systems. The aim was to show how our model can assist the individual farmer to decide on the production order. Specifically, we showed how this analysis can be used to decide on the number of workers and type of workers. Furthermore, the formulation results have proven the quality savings of a robotic harvester and reveal the importance of reducing its cycle times. A practical tool for the farmer can be developed based on this formulation and could be part of an IT package provided when renting a robotic system and/or part of a production management software.



The current operational model for selective harvesting can be developed further. The current formulation does not enable a combination of different types of workers/robots due to formulation complexity. This problem can be solved by developing a simulation model to simulate different combinations of workers and robots to determine the best combination. Despite this limitation, running the formulation separately for each available type of worker can contribute to the decision as to the best single type of worker to hire.



The current formulation does not take into consideration maturity classification mistakes of the robot and manual harvesters; thus, future research should consider adding such an analysis along with addressing inventory control aspects. Additional aspects of the robotic harvester that influence performance should also be considered, such as detection and grasping rates. These can influence the individual operational decision for a single fruit (whether to harvest or not) and not the overall production order (the number of workers to hire and peppers to harvest from each maturity level), which was the main goal of this paper. These future developments will be important once robotic harvesters will have become available and if human–robot collaborative harvesting is considered. The overall economic justification for robotic harvesting presented here indicates the need for further development of such harvesters. It demonstrates the importance of ensuring the high-quality maturity classification of such a robot and the reducing of its cycle time. The formulation of harvesting decisions related to the individual fruit is an important contribution to the field, providing a basic model in production and operations management of selective harvesting.
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Figure 1. The cumulative total harvest weight (kilogram) for each worker type. 
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Table 1. Model parameters for the numerical example analysis.
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General

	
Workers

	
Yield

	
Growth Function






	
  n  

	
   20   

	
  S  

	
   3530   

	
    y  d , 1     

	
   7000   ∀ d   

	
    d  m       

	
   30   




	
  p  

	
  2  

	
    C h    

	
   6750   

	
    I  n 0       

	
   7000   

	
    W  m a x       

	
   250   




	

	

	

	

	

	

	
  a  

	
   0.3   
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Table 2. Data for the ability of three types of worker to classify peppers into maturity levels (m).
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Type A: m = 2

	
Type B: m = 3

	
Type C: m = 4




	
Class

	
d Start

	
d End

	
Class

	
d Start

	
d End

	
Class

	
d Start

	
d End






	
1

	
31

	
45

	
1

	
31

	
40

	
1

	
31

	
40




	
2

	
46

	
60

	
2

	
41

	
50

	
2

	
41

	
45




	

	

	

	
3

	
51

	
60

	
3

	
46

	
50




	

	

	

	

	

	

	
4

	
51

	
60
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Table 3. Results of the numerical example for the analysis of worker performance.
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Variable Number of Workers

	
Fixed Number of Workers




	
N

	
Profit

	
THW

	
N

	
Profit

	
THW






	
Type A: m = 2

	
2

	
98,066.7

	
52,553.37

	
2

	
98,066.7

	
52,553.37




	
Type B: m = 3

	
4

	
111,593

	
62,836.68

	
2

	
107,918

	
57,478.77




	
Type C: m = 4

	
3

	
112,049

	
61,304.32

	
2

	
108,022

	
57,531.19








m = # maturity classes.
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Table 4. The total harvest weight (kilogram) for a harvester robot and for different types of workers with the same    C h      for one month and for an estimated growing period of 35 weeks.
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	Harvester Type
	Robot
	6 Type A Workers
	6 Type B Workers
	6 Type C Workers





	THW (kg)

in one month
	37,069.03
	32,885.64
	34,352.45
	35,253.99



	THW (kg)

in one year

(35 harvest weeks)
	324,354
	287,749.35
	300,583.93
	308,472.41
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Table 5. The equivalent number of workers for different harvester robot cycle times.
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	Robot Cycle Time
	Type A Workers
	Type B Workers
	Type C Workers





	0.5
	25.4
	24.0
	23.1



	1
	12.7
	12.0
	11.6



	2.5
	5.1
	4.8
	4.6



	5.5
	2.3
	2.2
	2.1



	7.5
	1.7
	1.6
	1.5



	10
	1.3
	1.2
	1.2



	12.5
	1.0
	1.0
	0.9



	15
	0.8
	0.8
	0.8



	20
	0.6
	0.6
	0.6



	25
	0.5
	0.5
	0.5
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Table 6. Payback periods (years) and IRR in five years in the Netherlands and Israel for different pepper p and robot costs.
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The Netherlands

	
Israel




	
Payback Periods

	
IRR in Five Years (%)

	
Payback Periods

	
IRR in Five Years (%)




	
Pepper p (€)/

Robot Cost (€)

	
100K

	
130K

	
160K

	
100K

	
130K

	
160K

	
100K

	
130K

	
160K

	
100K

	
130K

	
160K






	
1

	
3.72

	
4.58

	
5.50

	
10.5

	
2.9

	
0.0

	
4.89

	
>6

	
>6

	
0.0

	
0.0

	
0.0




	
1.25

	
3.21

	
3.99

	
4.72

	
16.2

	
7.8

	
1.9

	
4.05

	
5.00

	
>6

	
7.3

	
0.0

	
0.0




	
1.5

	
2.89

	
3.52

	
4.19

	
21.1

	
12.4

	
5.9

	
3.46

	
4.29

	
5.08

	
13.3

	
5.2

	
0.0




	
1.75

	
2.63

	
3.17

	
3.76

	
25.7

	
16.6

	
9.8

	
3.05

	
3.76

	
4.46

	
18.5

	
9.9

	
3.8




	
2

	
2.42

	
2.91

	
3.40

	
30.3

	
20.3

	
13.6

	
2.76

	
3.33

	
3.98

	
23.3

	
14.5

	
7.8




	
2.25

	
2.24

	
2.70

	
3.14

	
34.7

	
24.0

	
16.8

	
2.53

	
3.04

	
3.58

	
27.9

	
18.3

	
11.6




	
2.5

	
2.08

	
2.52

	
2.93

	
39.0

	
27.6

	
19.8

	
2.33

	
2.81

	
3.27

	
32.4

	
22.1

	
15.1




	
2.75

	
1.95

	
2.36

	
2.75

	
43.2

	
31.0

	
22.8

	
2.16

	
2.61

	
3.03

	
36.7

	
25.7

	
18.2




	
3

	
1.82

	
2.23

	
2.59

	
47.4

	
34.5

	
25.8

	
2.02

	
2.45

	
2.84

	
41.0

	
29.2

	
21.3

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  applsci-12-02507


  
    		
      applsci-12-02507
    


  




  





media/file0.png





media/file2.png
Cumulative harvest weight [kg]

70000

60000

50000

40000

30000

20000

10000

9 10

11

12 13 14

Number of days

= e e Type B

XXX Typec

15

16

17

18

19

20





media/file1.jpg
1203 405 6 7 8 9 WM LB WIS ®H T BB N
Number o days

oA === TypeB sseees TypeC





