1. Problem Deconstruction
The core challenge presented by GrocerQuick is a classic operational research problem known as the Vehicle Routing Problem (VRP). The VRP involves determining the optimal set of routes for a fleet of vehicles to deliver goods to a given set of locations (Toth & Vigo, 2014). To manage this complexity, the problem must be deconstructed into its fundamental components.
1.1 Core Components:
· Orders: The primary input. Each order has attributes such as a unique identifier, delivery address (which can be geocoded to latitude/longitude coordinates), order size/weight (affecting vehicle capacity), and a promised delivery time window.
· Warehouse (Depot): The central hub where all delivery vehicles are stationed, loaded, and must return to after completing their deliveries.
· Delivery Vehicles: The resources. Each vehicle has constraints, including maximum carrying capacity (to prevent overloading) and possibly a maximum working shift duration (to comply with labour regulations).
· Road Network: The environment in which the solution operates. It is represented as a graph where nodes are delivery locations and the depot, and edges are roads with associated travel times and distances.
· Objective Function: The quantitative measure to be optimised. In this case, it is the minimisation of the total distance travelled by all vehicles, which directly correlates with reduced fuel consumption.
1.2 Requirements and Constraints (Analysed using MoSCoW): The MoSCoW prioritisation technique is used to categorise requirements clearly (Clegg & Barker, 2004).
· MUST HAVE (Critical for success):
· All customer orders must be delivered.
· The total travel distance for the fleet must be minimised.
· No delivery may be more than 30 minutes later than its promised time.
· The total weight/volume of orders on a vehicle must not exceed its capacity.
· SHOULD HAVE (Important but not vital):
· Solutions should be generated within a reasonable computational time (e.g., under 5 minutes for a daily schedule) to be practically useful.
· The system should consider real-time traffic data to adjust estimated travel times.
· COULD HAVE (Desirable but optional):
· The system could balance the workload (number of deliveries or total distance) evenly among drivers.
· It could provide drivers with real-time route updates.
· WON'T HAVE (Out of scope for this solution):
· This solution will not handle dynamic order insertion (i.e., new orders coming in after routes are planned). It is designed for a static, daily batch of orders.
1.3 Key Variables:
· Inputs: List_of_Orders (each with location, time_window, weight), Vehicle_Capacity, Depot_Location, Distance_Matrix (a 2D array containing travel times/distances between all points).
· Outputs: Set_of_Routes (each route is an ordered list of stops for a single vehicle).
· Constraints: MAX_DELAY = 30 minutes, Vehicle_Capacity, Delivery_Time_Windows.
This deconstruction frames the problem not as a singular, monolithic issue, but as a constrained optimisation task with clear inputs, outputs, and rules.
2. Proposed Solution
The proposed solution employs a heuristic algorithm known as the Clarke and Wright Savings Algorithm, often referred to as the "Savings" algorithm. This method is well-suited to VRPs and effectively balances solution quality with computational feasibility for a company like GrocerQuick (Clarke & Wright, 1964).
2.1 Solution Explanation: The core idea of the Savings algorithm is to start with a wasteful initial state where each vehicle delivers to only one customer. It then iteratively merges routes if doing so saves distance. The "savings" is calculated for every pair of customers: the distance saved by connecting them on the same route versus serving them on separate trips from the depot.
The algorithm is augmented with checks for time windows and capacity constraints to ensure all of GrocerQuick's "MUST HAVE" requirements are met. The solution process involves:
1. Data Pre-processing: Convert delivery addresses into coordinates and compute a distance/time matrix.
2. Initialisation: Create a separate route for each customer (e.g., Depot -> Customer A -> Depot).
3. Savings Calculation: For every pair of customers (i, j), calculate the savings: S(i,j) = Distance(Depot, i) + Distance(Depot, j) - Distance(i, j). A high savings value indicates a strong benefit to combining these customers.
4. Route Merging: Sort all customer pairs by their savings value in descending order. Starting with the highest savings pair, check if merging their respective routes is feasible. Feasibility checks include:
· Capacity Constraint: Will the merged route's total order weight exceed the vehicle's capacity?
· Time Constraint: Will inserting the customer into the route sequence cause any delivery, including subsequent ones, to be more than 30 minutes late? This requires calculating the estimated time of arrival (ETA) for every stop in the proposed merged route.
5. Termination: The algorithm terminates when no more feasible merges can be made from the sorted savings list.
This approach directly minimises total travel distance (saving fuel) by prioritising the most efficient merges. It ensures timely delivery through explicit time window checks during the merging process and efficiently allocates orders to routes through systematic, criteria-based merging.
2.2 Assumptions:
· All order data (address, time window, weight) is known and accurate at the start of the planning period.
· Travel times between points are static and derived from the distance matrix; real-time traffic is not considered in this version.
· All vehicles are identical in capacity and start from the same depot.
· The road network is fully connected, and all locations are accessible.
2.3 Flowchart: The following flowchart visualises the logical flow of the proposed Savings algorithm with constraint checking.
flowchart TD
    A[Start: Input Orders, Vehicles, Depot] --> B[Pre-process: Geocode addresses,<br>Compute Distance Matrix]
    B --> C[Initialize: Create one route<br>per customer Depot->Cust->Depot]
    C --> D[Calculate Savings S(i,j) for<br>every possible customer pair]
    D --> E[Sort all S(i,j) pairs<br>in descending order]
    E --> F{For each pair in sorted list}
    F --> G{Are customers i & j<br>in different routes?}
    G -- No --> F
    G -- Yes --> H{Is combined load of<br>both routes <= vehicle capacity?}
    H -- No --> F
    H -- Yes --> I{Merge routes & check if<br>any delivery in new route<br>has a delay > 30 mins?}
    I -- Yes --> F
    I -- No --> J[Merge the two routes<br>permanently]
    J --> F
    F -- Processed all pairs? -- Yes --> K[Output Optimised Set of Routes]
    K --> L([End])
2.4 Pseudocode:
FUNCTION optimiseRoutes(orders, vehicleCapacity, depot)
    // Step 1: Initialisation
    routes = []
    FOR each order in orders:
        route = createNewRoute(depot)
        addOrderToRoute(route, order)
        addRouteToSet(routes, route)

    // Step 2: Calculate and Sort Savings
    savingsList = []
    FOR i = 0 to length(orders) - 1
        FOR j = i+1 to length(orders) - 1
            saving = distance(depot, orders[i]) + distance(depot, orders[j]) - distance(orders[i], orders[j])
            savingsList.add( (i, j, saving) )
    SORT savingsList BY saving DESC

    // Step 3: Merge Routes
    FOR each pair (i, j, saving) in savingsList:
        route_i = findRouteContainingOrder(routes, i)
        route_j = findRouteContainingOrder(routes, j)

        IF route_i != route_j:
            combinedLoad = getTotalLoad(route_i) + getTotalLoad(route_j)
            IF combinedLoad <= vehicleCapacity:
                mergedRoute = mergeRoutes(route_i, route_j)
                IF checkTimeWindows(mergedRoute): // Returns False if any delay > 30 mins
                    routes.remove(route_i)
                    routes.remove(route_j)
                    routes.add(mergedRoute)

    RETURN routes
END FUNCTION
3. Reflection and Justification
3.1 Problem-Solving Techniques Employed: This solution was developed using several fundamental problem-solving techniques:
· Abstract Thinking: The core of the solution involved moving away from the specific context of "groceries" and "vans" to recognise the underlying abstract structure: a weighted graph problem. This allowed for the application of a well-known graph algorithm (VRP/Savings algorithm) rather than inventing a novel, untested solution from scratch.
· Decomposition (Subdividing): As directed, the initial step was to break the monolithic problem into smaller, manageable components (e.g., data input, constraints, optimisation goal). This made the problem less daunting and allowed each part to be addressed systematically. The MoSCoW analysis was a crucial tool in this decomposition, forcing a rigorous prioritisation of requirements.
· Systems Thinking: The solution was designed with an understanding that changes in one part of the system affect others. For example, merging two routes to save distance (a positive systems effect) could cause a delay for a later customer (a negative systems effect). The feasibility check for time windows is a direct result of applying systems thinking to anticipate and mitigate this knock-on effect.
3.2 Justification of Approach: The Clarke and Wright Savings algorithm was chosen for its appropriateness for GrocerQuick's scale and requirements.
· Efficiency vs. Optimality: Finding the true mathematically optimal solution for a VRP is computationally expensive (NP-hard) and infeasible for a daily operational task with many orders (Laporte, 1992). The Savings algorithm is a heuristic that finds a very good, near-optimal solution in a fraction of the time, making it practical for business use.
· Alignment with Goals: It directly targets the minimisation of travel distance through its core savings metric, directly addressing the fuel consumption objective. Its iterative, constraint-checking nature also allows for the seamless integration of the capacity and time window constraints that are critical to the problem.
· Clarity and Explainability: The logic of the algorithm is relatively straightforward to understand and explain to non-technical stakeholders at GrocerQuick, which is an important practical consideration for implementation.
3.3 Limitations and Future Improvements: The proposed solution is effective but has limitations, primarily stemming from its assumptions.
· Static Assumptions: The largest limitation is the assumption of a static environment. It cannot handle real-time events like new orders, vehicle breakdowns, or unexpected traffic congestion. A more advanced solution would need to move from a static to a dynamic VRP model, potentially using real-time APIs from mapping services like Google Maps.
· Simplified Time Model: The time window check, while functional, is simplistic. A more robust model would incorporate service times at each stop (time to unload groceries) and more complex time window constraints (e.g., strict "deliver between 9-10 am" slots).
· Computational Complexity for Large N: While efficient, the algorithm requires calculating savings for all pairs of customers, which is O(n^2). For a very large number of orders (e.g., thousands), this could become slow. This could be mitigated by implementing a parallel computing version or using geographic clustering (e.g., dividing the delivery area into sectors using k-means clustering) first to reduce the problem size.
In conclusion, by applying abstract thinking, decomposition, and leveraging an established operational research heuristic, the proposed solution provides a robust, logical, and efficient framework for solving GrocerQuick's route optimisation challenges, while its limitations provide a clear roadmap for future enhancement.
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