
Journal of Infrastructure, Policy and Development 2024, 8(16), 9403. 

https://doi.org/10.24294/jipd9403 

1 

Article 

Business process overhaul in dairy supply chains: An integrated approach of 

advanced forecasting and vehicle routing techniques 

Sándor Remsei1, Golam Sakaline2, Md. Mahraj Uddin3, László Buics2,* 

1 Department of International and Applied Economics, Széchenyi István University, Győr 9026, Hungary 
2 Department of Leadership and Marketing, Széchenyi István University, Győr 9026, Hungary 
3 Department of Industrial and Production Engineering, Shahjalal University of Science and Technology, Sylhet 3114, Bangladesh 

* Corresponding author: László Buics, buics.laszlo@ga.sze.hu 

Abstract: The study explores improving opportunities of forecasting accuracy from the 

traditional method through advanced forecasting techniques. This enables companies to 

optimize inventory management, production planning, and reducing the travelling time 

thorough vehicle route optimization. The article introduced a holistic framework by deploying 

advanced demand forecasting techniques i.e., AutoRegressive Integrated Moving Average 

(ARIMA) and Recurrent Neural Network-Long Short-Term Memory (RNN-LSTM) models, 

and the Vehicle Routing Problem with Time Windows (VRPTW) approach. The actual milk 

demand data came from the company and two forecasting models, ARIMA and RNN-LSTM, 

have been deployed using Python Jupyter notebook and compared them in terms of various 

precision measures. VRPTW established not only the optimal routes for a fleet of six vehicles 

but also tactical scheduling which contributes to a streamlined and agile raw milk collection 

process, ensuring a harmonious and resource-efficient operation. The proposed approach 

succeeded on dropping about 16% of total travel time and capable of making predictions with 

approximately 2% increased accuracy than before. 

Keywords: dairy supply chain; demand forecasting; scheduling; supply chain management; 

vehicle routing 

1. Introduction 

HAOY The increasing demand for dairy products in developing countries such 

as Bangladesh, which help people to get proteins particularly, dairy milk and related 

items—cream cheese, curd, butter and sweets necessitates increased production to 

improve both economic situation and the country’s agriculture as a whole. Moreover, 

several factors for instance, urbanization, income level and individual preferences etc. 

are responsible for the significant growth of dairy industry. Due to the demand changes 

pattern for dairy products and its significance, it has become essential to ascertain 

uninterrupted supply chain management and business process redesign explicitly. 

Therefore, with the above in mind this research set goals to improve the overall supply 

chain of the dairy products by integrating advanced forecasting technique (for example: 

ARIMA, RNN-LSTM) to predict demand more accurately with optimized vehicle 

routing logistics (for instance: VRPTW) (Hossain et al., 2022). Several literatures 

related to this field studied and provided the following summary in order to find the 

research question. Elufioye et al. (2024) studied the provides comprehensive review 

and its impact of artificial intelligence (AI) focusing on demand forecasting and 

optimizing supply in agricultural supply chains. To integrate location, inventory and 

routing problems arising in designing a resilient sustainable perishable food supply 
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chain network, a bio-objective optimization model is developed Abbasian et al. (2023). 

In study of the complex data analysis sourced from various stakeholders, such as 

suppliers and manufacturers and identify risk, CNN-LSTM method with transfer 

learning reduced business risk and supports the decision making effectively compared 

to traditional method (Zhang et al., 2023). Pan et al. (2023) presented a three-party 

evolutionary game model for digital innovation diffusion, involving core 

manufacturers, affiliated enterprises and the government where manufacturer sets the 

optimal stability conditions due to cost consideration while government’s reward and 

punishment mechanism promotes technology diffusion in the market. Li and Donta 

(2023) explored the link between digital transformation and green supply chain 

management using AI, specially the XGBoost algorithm, to analyse market demand 

and extract multi-dimensional features. The SNN-Stacking model outperforms 

traditional models, aiding resource planning, enhancing supply chain transparency and 

promoting sustainable business development. The dairy industry faces challenges to 

keep pace with the changing trends of erratic demand in the world due to dismantled 

supply chain and ineffective logistics etc. To overcome these obstacles and addresses 

new scope, a comprehensive redesign of organization for smooth operations is needed 

(Awad et al., 2021; Malik et al., 2021). In the dairy sector, traditional demand 

prediction and logistical support techniques frequently fail to provide reliable 

estimates of demand fluctuations and supply chain network optimization (Choi et al., 

2021; Malairajan et al., 2013). Due to these discrepancy, some of the outcomes 

including-excessive transportation costs, overstock or understock inventory and 

inconsistent service levels were observed. An integration of advanced demand 

forecasting techniques for instances ARIMA (Kashyap et al., 2023) with optimized 

vehicle routing algorithms for milk collection is crucial to tackle these challenges 

(Gheisariha et al., 2023; Rinaldi et al., 2020; Torres Guerra et al., 2013) and 

comprehensive business overhaul. Business can improve operational efficiency, 

decrease wastage, improve customer satisfaction and ultimately increase supply chain 

surplus which aligned with sustainable goals by leveraging advanced forecasting 

techniques leading to error minimize (Buics and Süle, 2020; Kashyap et al., 2023). 

Along with this, deploying optimized vehicle routing strategies considering factors 

including heterogeneous vehicles, time constraints, and blending process can 

significantly impact profitability and cost-effectiveness in milk collection networks 

(Adriano et al., 2019; Gyurián and Gyurián, 2022) ultimately offer overall business 

competitiveness (Kashyap et al., 2023). An optimized distribution network and agri-

food supply chain redesign was studied by Boudahri et al. (2022) in Algeria. Study 

conducted by Ravichandran et al. (2020) focuses on simulation based vehicle routing 

incorporating economic and environmental factors for business process redesign. 

Traveling Salesman Problem (TSP) is an effective tool to optimize dairy delivery 

routes and reducing overall costs (Palhares and Araújo, 2018). Some vehicle routing 

techniques including genetic algorithm and mixed integer programming with focusing 

optimized dairy supply chains using milk-run model significantly reduce 

transportation costs (Kumar et al., 2022). Another study conducted by Rautela et al. 

(2017) found significant decrease in distribution costs by applying optimized vehicle 

route for a state-owned Indian cooperative dairy (Huerta-Soto et al., 2023). In order to 

improve forecasting and routing efficiency in dairy supply chains, the article 



Journal of Infrastructure, Policy and Development 2024, 8(16), 9403. 
 

3 

(Jachimczyk et al., 2021) suggests an IoT-based Dairy Supply Chain model with an 

emphasis on openness and interoperability. The study (Scaria and Joseph, 2014) 

addressed how to decrease money and enhance customer satisfaction by deploying 

only vehicle routing strategies without incorporating advanced forecasting techniques 

(Malairajan et al., 2013). The efficiency of the in-plant milk run system in the 

automobile industry was improved by a CVRP model while advanced forecasting in 

dairy supply chains is not specifically addressed in the research (Pereira et al., 2021). 

Bocewicz et al. (2019) presented a declarative model for milk-run vehicle routing in 

supply chains integrating forecasting and routing methodologies without focusing on 

minimizing vehicle downtime and Fang and Stone (2021) focused smart contracts, 

security and transparency without covering advanced forecasting and vehicle routing 

strategies on block chain-based dairy logistics ecosystem. Using cutting-edge vehicle 

routing algorithms, (O’Callaghan et al., 2018) provided a novel milk collection route 

simulation model with the goal of maximizing transportation efficiency in the Irish 

dairy industry. Supply chain sustainability improvement, wastage reduction, and 

optimization operations by incorporating advanced forecasting and truck routing 

strategies in dairy business was studied by Shamsuddoha et al. (2023). In addition to 

concentration on sophisticated forecasting methods in dairy supply chains, Elgarej et 

al. (2020) focused on creating a logistics monitoring system for improving milk 

collecting routes using IoT technology. For the dairy business in India, an integrated 

production-distribution planning model (Ghosh and Mondal, 2018) uses vehicle 

routing and forecasting approaches and modernization of dairy sector involving 

mathematical approaches such as, AI and machine learning approaches improved 

supply chain efficiency. The study (Shah, 2016) talks on supply chain management in 

the dairy industry in India, with an emphasis on private and cooperative models. 

However, it doesn’t really cover advanced forecasting or vehicle routing methods. 

For the dairy business in India, an integrated production-distribution planning 

model (Ghosh and Mondal, 2018) uses vehicle routing and forecasting approaches to 

maximize profit contribution through MILP formulation and sensitivity analysis. To 

recapitulate from the above literature, it is evident that in some research, authors dealt 

with either only advanced demand predicting techniques or some addressed MILP 

formulation and sensitivity analysis. Very few studies addressed both advanced 

forecasting and optimized vehicle routing techniques in dairy business supply chain 

management. Therefore, to tackle above discrepancies among the previous research, 

this study aims to incorporate the advanced demand predicting with optimized vehicle 

routing techniques which can significantly streamline operations in the dairy supply 

chain improving the efficiency and sustainability including employment opportunity 

and business competitiveness enhancement in both domestic and international markets. 

To reiterate, this research underscores the critical need for modernizing dairy supply 

chains through advanced approaches, ultimately fostering growth and encourages 

collaboration among various supply chain stakeholders-farmers, processors and 

distributors which ultimately can lead to more synchronized operations and stronger 

supply chain in the dairy industry. 
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2. Materials and methods 

2.1. Solution steps 

The study addresses the increasing demand for raw milk delivery, consumed by 

nearly 6 billion people worldwide. It aims to develop step-by-step methodologies to 

optimize milk delivery routes. The research methodology includes several crucial 

steps, starting with a literature review and culminating in result analysis and discussion. 

review. They must be provided prior to publication. As seen on Figure 1 the initial 

step involves a thorough literature review, examining existing research on dairy supply 

chain optimization, particularly focusing on demand forecasting, and VRPTW. 

Following this, the study formulates a mathematical model and methodology, defining 

the problem, specifying variables, constraints, and parameters. Subsequently, data 

collection is conducted, gathering historical demand data and geographical 

information necessary for creating distance matrices. 

 

Figure 1. Solution approach. 

The study then employs ARIMA and RNN-LSTM models to forecast future raw 

milk demand, comparing their accuracy to determine the most reliable method. This 

is followed by creating distance and time matrices using programming tools like 

Python, which are vital for optimizing vehicle routes. The VRPTW implementation 

step focuses on finding the most efficient routes for milk collection vehicles by 

formulating the problem, defining constraints, and optimizing the transportation 

process to minimize costs and time while adhering to time windows. The study then 

calculates the optimal number of vehicles needed, along with the total distance and 

time travelled, ensuring resource allocation and operational efficiency. Finally, the 

results are presented and discussed, evaluating the effectiveness of the methodologies, 

comparing outcomes, and providing insights and recommendations for further 

improvements in dairy supply chain optimization. 

2.2. Model formulation 

2.2.1. ARIMA model formulation 

ARIMA is a time series forecasting model that combines autoregression (AR), 

differencing (I), and moving averages (MA). The ARIMA (p, d, q) model can be 
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represented as follows (Ariton, 2021): 

Yt = μ + ϕ1Yt − 1 + ϕ2Yt − 2+…+ϕpYt – p + ϵt − θ1ϵt – 1 − θ2ϵt − 2−…−θqϵt − q 

where: 

Yt is the time series at time t. 

μ is the constant term. 

ϕi are the autoregressive coefficients. 

ϵt is the white noise error term at time t. 

θi are the moving average coefficients. 

p is the order of the autoregressive part. 

d is the degree of differencing. 

q is the order of the moving average part. 

2.2.2. RNN-LSTM model formulation 

The formulation for a single LSTM unit in a time series forecasting context can 

be represented as follows (Chauhan, 2020): 

ft = σg(Wf⋅[ht−1,xt]+bf) 

it = σg(Wi⋅[ht−1,xt]+bi) 

C~t = tanh(WC⋅[ht−1,xt]+bC) 

Ct = ft⋅Ct−1+it⋅C~t 

ot = σg(Wo⋅[ht−1,xt]+bo) 

ht = ot⋅tanh(Ct) 

where: 

xt is the input at time t. 

ht is the hidden state at time t. 

ft, it, C~t, Ct, ot are the forget gate, input gate, candidate memory cell, memory 

cell, and output gate respectively. 

Wf, Wi, WC, Wo are weight matrices for different gates. 

bf, bi, bC, bo are bias terms. 

σg is the sigmoid activation function. 

tanh is the hyperbolic tangent activation function. 

2.2.3. Mathematical model formulation for VRPTW 

VRPTW can be formulated as a mathematical optimization problem. Here is a 

mathematical model formulation for VRPTW: 

Assume, 

n = Number of points (0 = Processing Plant, 1…..n = Firm Location). 

dij = Distance of transportation from point I to j. 

xij2 = {
 1, 𝑖𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑔𝑜𝑒𝑠 𝑓𝑟𝑜𝑚 𝑓𝑖𝑟𝑚 𝑖 𝑡𝑜 𝑗

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

qj = Capacity of firm i. 

c = Capacity of vehicle 

Objective function, 

Minimize 

∑ ∑ ∑ 𝑑𝑖𝑗𝑥𝑖𝑗𝑣
𝑛
𝑗=𝑜

𝑛
𝑖=𝑜

𝑚
𝑣=1   

Constraints, 
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∑ ∑ 𝑥𝑖𝑗𝑣 = 1𝑛
𝑖=𝑜

𝑚
𝑣=1   

∀ij € {1……n} …………………….. (i) 

(i) Ensure that every firm is visited once. 

∑ 𝑥𝑖𝑗𝑣 ≤ 1𝑛
𝑗=1   

∀ij € {1……m} …………………….. (ii) 

(ii) Ensure that every vehicle arrives again at the processing plant if it leaves to 

firm. 

∑ 𝑥𝑖𝑗𝑣  =  ∑ 𝑥𝑖𝑗𝑣
𝑛
𝑖=𝑜

𝑛
𝑖=0   

∀j € {0……n}, ∀ € {1……m} …………………….. (iii) 

(iii) Ensure that number of times a vehicle enters a node is equal to the number 

of time its leave that node. 

∑ ∑ qj 𝑥𝑖𝑗𝑣  ≤  𝑐𝑛
𝑗=1

𝑛
𝑖=0   

∀v € {1……m} …………………….. (iv) 

(iv) Ensure that the vehicle cannot carry more than its capacity. 

q1 = q2 = ………. = qn          ∀j € {1……n} …………………….. (v) 

(v) Means all vehicle has same capability. 

ai ≤ si < bi      ∀i € {0……n} …………………….. (vi) 

(vi) Ensure that a vehicle is started serving a custom in the time window of the 

customer. 

xij € {0, 1}   ∀i, j = (0……n) …………………….. (vii) 

(vii) Means all variables are integer.  

∑ ajv𝑧𝑣  ≥ 1𝑟𝑣 € ø   

∀j € {1……n} …………………….. (viii) 

(viii) Ensure that all firm are visited. 

where, 

ajv = {
 1, 𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑟𝑣 𝑖𝑠 𝑣𝑖𝑠𝑖𝑡𝑒𝑑,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

xij2 = {
 1, 𝑖𝑓 𝑟𝑜𝑢𝑡𝑒 𝑟𝑣 𝑖𝑠 𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑,

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

Ø = Set of feasible vehicle route 

This method aims to reduce the overall distance driven by all vehicles while 

taking into account a number of limitations, such as the capacity of each vehicle, the 

time windows available to each customer, and the moment at which a vehicle begins 

its journey. Additional concerns, such reducing the number of cars used or distributing 

the effort among each vehicle, can be reflected in the objective function and constraints. 

Generally, to develop workable and nearly ideal solutions for the VRPTW, this 

optimization problem is solved by applying specialized algorithms, including column 

generation or metaheuristics. (Kelley, 2022). 
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3. Results 

3.1. Demand forecasting 

Akij Dairy’s raw milk collection process is supported by a robust network of 25 

chilling centers, strategically distributed across two divisions: Rajshahi and Khulna. 

The Rajshahi Division owns 13 chilling centres having a daily capacity of 40,000 

Liters. Whereas the Khulna Division contains 12 similar centres supporting 35,000 

litres per day (Figure 2). 

 

Figure 2. Locations of the factory and chilling centres. 

For sustaining the productivity of milk collection and preservation, six dedicated 

milk trucks, each with a 9600-liter capacity, are deployed. These trucks confirms the 

milk remains fresh within a temperature range of −2 to 10 degrees Celsius for up to 24 

hours post-extraction. The chilling centres which are located in major areas such as 

Bera, Pabna, and Nakalia, operate in coordination with the factory’s schedule to 

guarantee a harmonized workflow. In the case of demand forecasting, an extensive 

analysis was conducted using Actual Demand data collected over 46 operating days 

from Akij Dairy’s factory.  

This data was utilized to predict the demand for the next 60 days using advanced 

forecasting techniques like ARIMA and RNN-LSTM. The output of these model have 

been compared against the traditional methods used by the organization. As seen in 

Table 1 key metrics such as MAPE (Mean Absolute Percentage Error), MAE (Mean 

Absolute Error), and MSE (Mean Squared Error) were used to evaluate the accuracy 

of these predictions. Using Jupyter notebook, forecasts were generated and carefully 

judged with actual demand and company forecasts. Similar process has been taken for 

the RNN-LSTM. This comparative analysis discovered the ARIMA model’s superior 

performance supported by a very lower error percentage of 5.70% as compared to the 

company’s forecast error of 7.97% and the RNN-LSTM model’s error of 7.51%, 

showing the acceptance of the model. 
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Table 1. Forecasting comparison with existing. 

Metrics Before Implementation ARIMA RNN-LSTM 

MSE (liters)2 20,369,600 9,954,490 16,019,600. 

MAE (liters) 3784.78 2655.94 3458.99 

MAPE 7.97% 5.70% 7.51% 

MSE, MAE, MAPE: p < 0.05 for ARIMA vs. Before Implementation; p < 0.05 for RNN-LSTM vs. 

Before Implementation. 

3.2. Route optimization 

This study begins with the optimization process for vehicle routing by creating a 

VRPTW model with Jupyter Notebook. As can be seen from Figures 3–5, the main 

goal is to determine the best routes for a fleet of six cars to travel in order to reach two 

different directions of collection places. Time frames are incorporated into this model 

in recognition of the time limits that must be met in order to service each collection 

point. This strategic method aims to reduce trip time and resource consumption while 

optimizing the overall routing process. The ability to negotiate through the 

complexities of route optimization for many vehicles makes the VRPTW model an 

invaluable tool for optimizing logistics and attaining a more economical and time-

efficient collection process. In order to make mapping on a map easier, the study 

presents coordinates for each of the cooling spots and the factory. For instance, the 

factory, AKIJ DAIRY, is located in Dhamrai, Savar, with multiple chilling centers 

distributed over the Rajshahi and Khulna Divisions. This geographic information is 

essential for building a distance and time matrix, which forms the basis for figuring 

out the best routes (Figure 5) for the delivery of raw milk. This strategy seeks to 

optimize the operations of the chilling centres in both divisions by combining spatial 

and temporal factors to maximize efficiency and reduce transit times. The plant is 

regarded as the beginning point and the chilling centers as the subsequent destinations 

in the distance and time matrix (Figures 3 and 4). Separate matrices are created for 

the Rajshahi and Khulna Divisions, considering the 13 chilling centers in Rajshahi and 

the 12 in Khulna.  

 

Figure 3. Distance and time matrix for Rajshahi division chilling centers. 
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Figure 4. Distance and time matrix for Khulna division chilling centers. 

This comprehensive technique offers a thorough understanding of the periods of 

time and distances required to transfer raw milk from the production to every chilling 

center (Figures 3 and 4). The research considers actual demand, forecasts from 

ARIMA and RNN-LSTM models, and the capacity of the chilling centers to determine 

the number of vehicles required each day based on demand. 

 

Figure 5. Optimal routes for six different vehicles. 

4. Discussion 

4.1. Vehicle routing and scheduling 

The Rajshahi chilling centres are given precedence due of their close proximity 

to the facility. As seen in Table 2 the study takes into account both the actual and 

anticipated data to determine the number of cars needed to meet demand. For instance, 

three vehicles from Rajshahi and two from Khulna are required on 1 September 2023, 

with an actual need of 49,610 litres, making a total of five vehicles for the day. The 

best routes for the six vehicles are revealed by putting the VRPTW model into practice. 
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Vehicles go 444 km in 732 min via roads like A → E → I → L → K → H → J → F 

→ G → B → C → D → M → N → A in the Rajshahi Division. The elaboration of all 

location points are described in Appendix. 

Table 2. Optimal vehicle routing. 

Vehicle Route Total Distance (km) Total Time (min) 

Vehicle-1 A → E → I → L → K → H → J → F → G → B → C → D → M → N → A 444 732 

Vehicle-2 A → W → V → U → P → T → Q → R → Z → X → Y → S → O → A 574 1147 

Vehicle-3 A → D → B → C → G → F → J → H → K → M → N → L → I → E → A 430 701 

Vehicle-4 A → U → P → T → Q → R → Z → V → W → X → Y → S → O → A 598 1147 

Vehicle-5 A → M → H → K → L → I → E → B → D → C → G → F → J → N → A 466 754 

Vehicle-6 A → T → P → U → V → Z → X → Y → W → R → Q → S → O → A 590 1150 

A detailed schedule ensures that vehicles follow planned timetables after the best 

route has been identified, minimising down on waiting times, making the most use of 

available resources, and improving operational effectiveness. Each vehicle’s arrival 

and departure times are carefully monitored, as can be seen in the below Figure 6. By 

aligning vehicle availability with demand patterns, this degree of scheduling reduces 

delays, avoids bottlenecks at loading and unloading locations, and boosts fleet 

utilisation. 

 

Figure 6. Vehicle scheduling to the factory (in and out), time zone UTC+06:00. 

To improve overall efficiency, a specific time slot is allotted to each vehicle in 

accordance with operating requirements. For instance, vehicle 1 arrives at the factory 

at 8:00 AM the following day after leaving at 5:00 PM for the chilling centre. This 

cautious planning reduces bottlenecks and assures a smooth, resource-efficient 

function for the fleet as a whole. 
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4.2. Economic implications and environmental impacts 

As seen in Table 3 implementing the VRPTW model resulted in a reduction from 

six to five vehicles on average, leading to a significant decrease in operational costs. 

By eliminating one vehicle, the model saves approximately 22,500 Euro on fuel, 

36,000 Euro on maintenance, insurances and driver wages. This cost-benefit analysis 

highlights the model’s financial impact, estimating an annual cost reduction of 

approximately a total of 58,000 Euro if implemented consistently. 

Table 3. Comparison of VRPTW performance. 

Performance Criteria Before After Percentage Change 

Average Vehicle Needed 6 5 −16.67% 

Total Distance Travelled 3210 2688 −16.26% 

Total Time Taken (Min) 5820 4882 −16.11% 

**p < 0.05 suggests statistical significance. 

Not only this, by minimising the overall distance travelled, the optimised routes 

promotes sustainability by lowering carbon emissions and fuel usage. These 

reductions reinforce the significance of effective route planning for long-term 

ecological impact and are in line with Akij Dairy’s commitment to sustainable 

operations in addition to supporting environmental regulations. 

To discuss the seasonal variation impacts on route optimization, the Table 4 

could be proposed to modify schedules and routes in accordance with peak and off-

peak seasons, assuring effective resource allocation and lowering transportation 

expenses. 

Table 4. Seasonal demand variation analysis. 

Season Average Demand (Liters) Optimal Routes Adjustments Vehicle Allocation 

Winter 40,000 Shorter routes, focus on capacity 5 vehicles 

Spring 50,000 
Standard routes with slight 

adjustments 
6 vehicles 

Summer 55,000 
Longer routes due to increased 

demand 
6 vehicles 

Autumn 45,000 
Reduced routes, focus on 

efficiency 
5 vehicles 

4.3. Impact on milk quality during transportation 

Maintaining appropriate temperatures during transportation is vital for preventing 

spoilage and preserving the nutritional quality of raw milk. Akij Dairy employs six 

dedicated milk trucks designed to keep the milk within a temperature range of −2 to 

10 degrees Celsius for up to 24 h post-extraction. The optimization of routes, as 

proposed in the VRPTW model, ensures that transportation times are minimized, thus 

reducing the risk of temperature fluctuations that could adversely affect milk quality. 

The strategic scheduling allows for a smooth workflow at the factory and chilling 

centres, minimizing idle time and ensuring efficient handling. For example, by 

allotting specific time slots to each vehicle, it can help to mitigate delays that can 

compromise the quality of milk due to extended exposure to ambient conditions. 
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4.4. Trade-offs in proposed solution 

1) Cost vs. Service Level: Although reducing the number of vehicles from six to 

five reduces fuel and maintenance expenses, service levels may be impacted if demand 

spikes without warning. For example, the model’s effectiveness may decline during 

times of high demand, which could cause delays in the delivery and collection of milk. 

According to the analysis, it is essential to strike a balance between cost containment 

and service reliability. 

2) Flexibility vs. Predictability: Although ARIMA, RNN-LSTM techniques 

increase predictability, they could make operations more inflexible. The existing 

routes and schedules might not be flexible enough to handle sudden changes in 

circumstances when real demand deviates greatly from projections. This emphasises 

the necessity of an adaptable operational structure that can change in real time to meet 

changing demand. 

3) Resource Allocation vs. Demand variability: Operating expenses are decreased 

by optimising vehicle usage based on anticipated demand, however there are dangers 

involved during unanticipated demand spikes. Customer dissatisfaction and missed 

delivery windows may result from a lack of vehicles. Therefore, when demand 

exceeds projections, it would be wise to keep a buffer resource or a backup plan that 

enables the prompt mobilisation of more vehicles. 

4) Complexity vs. Usability: Higher initial installation expenses and the need for 

advanced staff training could result from more complex routing and scheduling 

algorithms. Some operators may be discouraged from making effective use of the 

system due to its complexity. Successful adoption requires striking a balance between 

sophisticated analytical capabilities and intuitive user interfaces and support 

mechanisms. 

5. Conclusion 

The investigation carried out aimed at increasing the efficiency of milk collection 

for Akij Dairy Factory using appropriate data analytic techniques and optimization 

models. In this case, a geographic criterion was used to sample strategically any 25 

points for milk collection and distance to the factory was used. For achieving better 

demand forecasts, ARIMA and RNN-LSTM techniques were utilized through 

programming in Python. The findings of the study exhibit the fact that ARIMA and 

RNN-LSTM models were much better than what the company used to perform the 

forecasting and also ARIMA produces the best results among them. For instance, 

notable prominence of ARIMA is seen in improvement of MAE 2656, and MAPE 

5.70% over the conventional method employed by the company. In addition, the 

problem of the Milk collection was also treated as a VRPTW optimization problem. 

Prior to optimization, the total distance travelled by the trucks was 3210 km and the 

time spent on the road was 5820 min. After implementing VRPTW model, this was 

brought down to 2688 km and 4882 min in that order representing 16.23% and 16.09% 

departure in travel time respectively. The comprehensive approach involved creating 

detailed schedules for six vehicles, optimizing their routes to minimize travel distances 

and times and thereby achieving noticeable cost savings and operational efficiencies. 

The combined approach taken into account the demand forecasting and VRPTW led 
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to a synchronized milk collection process. Accurate demand forecasting assist in Just-

In-Time milk collection on the other hand VRPTW optimization makes the best use 

of trucks needed and minimized travel distances saving valuable times. Predictive 

analytics and routing optimisation work well together in industries other than dairy 

that need to handle and transport goods quickly. The requirement to reduce wastage 

and maintain product freshness is one of the typical logistical issues faced by sectors 

like fresh produce, pharmaceuticals, and seafood. Demand forecasting can assist more 

accurately match supply with demand in these situations, preventing stockouts or 

overstocking. To optimise routes that prioritise shorter delivery times or take into 

account particular delivery windows requested by clients, the VRPTW model or a 

comparable route optimisation framework can be modified.  

The showcase of implementation of ARIMA and RNN-LSTM models could help 

many medium-sized and big dairy companies anticipate milk demand more accurately, 

which would result in more effective collecting procedures. Furthermore, the VRPTW 

optimisation technique can be modified to fit diverse transportation networks, assisting 

different dairies in curtailing on trip times and distances. Beyond the dairy industry, 

these methods are applicable to sectors that deal with perishable items where urgent 

delivery is essential, such as fresh fruit or pharmaceuticals. For the future scope, it can 

be integrated with emerging technologies i.e., blockchain and IoT to strengthen the 

model’s robustness. Further improvements could be testing the model in various 

geographic and cultural contexts, evaluating seasonal impacts on performance to find 

potential adjustments required for demand and supply fluctuation. Additionally, 

analysing the model’s flexibility with regard to different kinds of perishable goods 

will enhance its applicability across sectors with distinct handling, storage, and 

transportation requirements. Also, cost-benefit analysis that measures the possible 

savings from lower mileage, fuel, and vehicle maintenance against the technology 

investment could help to further substantiate the long term economic benefits of the 

proposed method. Forecasting accuracy is at risk from demand variations brought on 

by market conditions (such as seasonal patterns or economic downturns). Demand 

scenarios ranging from 10% to 30% changes could be taken into account in further 

analysis.  
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Appendix 

Table A1. Location details of different dairy centres. 

Point Location Address Latitude Longitude 

A AKIJ DAIRY, Dhamrai, Savar 23.90 90.11 

B Akij Dairy,Bera,Pabna 24.08 89.61 

C Akij Dairy, Nakalia  24.04 89.65 

D Akij Dairy, Bera  24.08 89.60 

E Akij Dairy, Talgachi  24.23 89.57 

F Demra, Akij Dairy 24.14 89.50 

G Akij Dairy Ltd. Nondonpur  24.06 89.52 

H Akij Dairy, Jogatola  24.20 89.38 

I Akij Dairy, Mohonpur  24.26 89.50 

J Akij Dairy, Sonahara  24.17 89.47 

K Akij Dairy, Bhangura  24.22 89.39 

L Akij Dairy, Satbaria  24.31 89.39 

M Akij Dairy, Mohela  24.20 89.32 

N Akij Dairy, Jonail  24.27 89.22 

O Akij Dairy Shreerampur  23.13 89.08 

P Akij Dairy, Mohonodi  22.75 89.26 

Q Akij Dairy, Mahmudkati  22.67 89.29 

R Akij Dairy, Mothertala  22.76 89.36 

S Akij Dairy, Baka  22.62 89.27 

T Akij Dairy, Kachikata  22.70 89.31 

U Akij Dairy Chandirpur  22.79 89.27 

V Akij Dairy, Maguraghona  22.82 89.29 

W Akij Dairy, Mangolkot  22.86 89.25 

X Akij Dairy, Shapur  22.88 89.40 

Y Akij Dairy, Shapur Fultona Rd  22.88 89.41 

Z Akij Dairy, Dumuria  22.82 89.35 

 


