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Executive Summary 

Managing inventory of perishable goods such as fruits and vegetables is a difficult task for big 

retail stores as these items have a very short shelf life. If not managed properly, excessive stock 

may result in loss of inventory, but at the same time under stocking may result in lost sales. In 

this project we are trying to accurately forecast the demand for 4 SKUs - apple, banana, onion 

and potato, so as to optimize the profits from sale of these items. This overall goal can be 

translated into a forecasting problem of accurately predicting the demand of these perishable 

SKUs. Ultimately, the forecasted demand has to be translated into the operational problem of 

how much quantity of the SKU to replenish every day. Fig 1 depicts the managerial implications 

of the problem. 

 

Figure 1: Replenishment of Inventory and its impact on profits 

Description of the Data 

We have used the sales data of a large retail store 

in one of the metro cities in India. The data has the 

transaction records from customer sales collected 

between Aug 2011 and Aug 2012, when customers 

used loyalty cards during their purchases. Besides 

the transaction volume and amount paid, other 

information such as the demographics of the 

customers, the class/sub-class and SKUs of the 

products sold are also available. Figure 2 shows 

the overall data for an SKU (SKU #1000) and the demand has been aggregated per day. Based 

on initial visualization of the data, our hypothesis is that there are weekly seasonality patterns in 

the demand. 

 

 

Figure 2: Visualization of the data showing 

seasonality 
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Forecast Methodology and Evaluation 

After exploring several forecasting techniques, we choose a two-step regression model for 

generating demand forecast for SKUs. The model is shown in Fig 3.  

 

In the first step we forecast 

the number of customers 

who would be transacting 

on a particular day of the 

year (we call this the 

“footfall”), and in the next 

step we forecasted the 

sales of the product as a 

function of number of customers transacting on a day. The output of the model is shown in Fig4. 

 

In order to evaluate the model, 

we compared the various 

forecast metrics such as MAPE, 

MAD etc. We also measure the 

impact of forecast error on 

profitability of the SKU. Since 

the error would result in loss 

only; either loss due to wastage 

or sales forgone. Hence we 

have used error in INR (Indian 

Rupee) terms (loss due to error) 

as a metric to evaluate the model. The detail of the metric and calculation methodology is 

discussed in the next section, but the output is shown in Figure 5. As it can be seen from the 

figure, the 2-stage model proposed in our project has the least error (in INR terms). 

Figure 3: A two staged model 

Figure 4: Performance of the 2-staged model 

Figure 5: Error in INR Terms 
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Recommendation 

The store can increase its profits by preventing wastage of perishable goods and also by 

avoiding lost sales on these items. These two goals can be simultaneously achieved by 

accurately forecasting the demand for the SKU. The two staged model that we proposed above 

can be run every day to forecast the demand for the subsequent day in a roll-forward fashion. 

The forecast can then be used to decide the replenishment quantity for the SKU. By forecasting 

the demand at the SKU level and by using this forecast to decide the quantity of each SKU to 

procure, the store can increase its overall profitability.  

 

Technical Summary 

In this section, we list the various techniques explored while analyzing this data and 

conceptualizing forecasting models: 

 

1. Data Visualization: We performed several visualization experiments over the data 

in order to get a high level overview of the patterns in the data. These experiments 

are presented in the Exhibit 1 and 2. 

2. Data preparation/Pre-processing: For pre-processing the data, we performed the 

following steps: 

a. Aggregate transactions: We aggregated the transaction data and obtained the 

quantity of the SKU sold every day (Exhibit 3). 

b. Outlier Removal: We visualized the data and identified that the data has few 

outliers (in terms of quantity purchased) and on analysis found that the outliers 

are falling outside the range of three standard deviations (Exhibit 4). 

c. Data Partition: We split the data into training and validation datasets. The data 

from 8/1/2011 to 7/31/2001 was used as training dataset. The data for Aug 2012 

was used as test dataset (Appendix 5). 

3. Forecasting Methods: We explored following methods for forecasting the demand: 

a. Naïve Forecast: We have used the Naïve forecast as the benchmark to evaluate 

the performance of other forecasting method. Since there is weekly seasonality 

we have used 1 week lag. For this purpose we used the August 2012 as the 



DEMAND FORECASTING FOR PERISHABLE [

PRODUCTS] November 15, 2012 

 

Forecasting Analytics, ISB 2012 | Technical Summary 4 

 

validation period and following is the 1 week lag Naïve forecast for the demand of 

onion against the actual demand. The results are shown in Exhibit 6. 

b. Linear Regression Model with no seasonality: The Linear regression model 

with no dummy variables was not able to handle the seasonality in the data. The 

results are shown in Exhibit 7. The ACF shown in Exhibit 7 clearly shows the 

presence of seasonality in the residuals. 

c. Linear Regression with seasonality: The Linear Regression with seasonality is 

shown in Exhibit 8. The model was still not able to capture seasonality 

completely. 

d. Holt Winter’s method: We applied the Holt Winters method to forecast the 

demand for the SKU as the other methods were not able to handle seasonality. 

The results are shown in Exhbit 10. The model was completely able to capture all 

seasonality as seen from the ACF plots. 

e.  Two Stage Model: Since the sales data for a single SKU has too much noise, 

we thought of using some other metric to predict the demand. For this purpose 

one association which we thought of was that if the overall footfall is increasing 

then there is a probability that the sales of particular item would also be 

increasing. But since we only have information about the sales data and not 

about actual footfall, we decided to use the total number of customers transacting 

on a particular day (we call this the footfall) and tried to build an association on 

that. There is less noise in the number of customers coming to the store and it 

also shows weekly seasonality. A forecast model for the footfall was built using 

Holt Winter’s method. The performance of the model on the validation set is 

shown in Exhibit 10.  

 

Now before implementing the model it would be beneficial to see if there is any kind of 

correlation between number of customers and sale of a particular SKU. This correlation 

is shown in Exhibit 11. Clearly there is a very good correlation between footfall and the 

quantity of the SKU that was purchased. A linear regression equation was obtained: 

 

SKU Demand = 0.3095 * Footfall + 2.741 
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This equation was applied on the forecasted footfall for the month of Aug 2012 to obtain 

the forecasts for the demand of the SKU 1010. The results are shown in Exhibit 12. 

 

Next we evaluated the performance of the various models explained above. Though we 

could just have compared the models based on metrics such as RMSE, MAPE etc., we 

decided to compare the models based on metric that is meaningful to the store owner. 

The purpose of evaluating the performance of the model is to know how well the model 

is able to predict the future behavior. So, if the model is not doing a good job, the error 

would be high. What does a high error mean from the store owner point of view – it 

means we are facing either a situation of excess inventory or stock out. Both of these 

situations will result in loss; excess inventory will result in wastage cost and stock out 

will result in lost profit which is essentially a loss from economic stand point. 

 

Calculations of Error metric 

We have converted the error by using the following formula: 

 

(Sales Forgone * Profit per unit of SKU) + (Excess Inventory * Loss due to wastage) 

 

The two-staged model was applied for other SKU and the results are shown in Exhibit 
13-15. 
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Appendices 

 
Exhibit 1: Visualization of the demand for SKU 1000. The visualization shows that there is 
higher demand on Sundays and Saturdays compared to the other days of the week 

 

 
Exhibit 2: The aggregate demand for each day of the week. This shows higher demand on 
Sundays and Saturdays. 
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Exhibit 3: Aggregation of the transactions at the daily level 

 

 
 

Exhibit 4: All points that are more than 3 standard deviations away from the mean were 
removed 

 
Exhibit 5: Partitioning of the data into training and validation datasets 
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Exhibit 6: Results of Naïve Forecasting 

 

 
Exhibit 7: Linear Regression with no dummy variables 

MAE 22.632

Average Error 1.004903

MAPE 50.15%

RMSE 791.4196
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Exhibit 8: Linear Regression with Seasonality 

 

 
Exhibit 9: Holt Winter’s method: The method handles seasonality in the data well. 
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Exhibit 10: Forecasting of the store footfall using the Holt Winter’s method 

 

  
Exhibit 11: Using the footfall to forecast the demand for the SKU 

 

 
Exhibit 12: Forecast of the demand for SKU 1000 for Aug 2012 
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Exhibit 13: Forecast of the demand for banana for Aug 2012 using the two-staged model 

 

 
Exhibit 14: Forecast of the demand for apple for Aug 2012 using the two-staged model 
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Exhibit 15: Forecast of the demand for potato for Aug 2012 using the two-staged model 


