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Abstract 

 
Hunger relief organizations are mostly non-profits that collect food from various sources and redirect them to the 
people in need. This is to combat the prevalent food insecurity affecting children, the unemployed, students, seniors 
and so on. Previous research has focused on the demand/donation side of food rescue operations, but the distribution 
or supply side - especially in reducing the uncertainty associated with food demand - has received significantly lower 
attention.  In this study, we obtained data from a local hunger relief organization, specifically a food pantry to develop 
estimates of the demand they expect to receive in the future. To do this, we fit the growth of the food pantry client 
population to a logistic growth model to obtain a good fit. We then obtained data for frequency of visits to develop 
estimates of the number of visits expected in the future, using time series models. This will be combined with the 
allocation policy for food distribution to develop estimates of true demand. This study has merit for hunger relief 
organizations. It will aid decision making relative to food distribution, while also providing data for planning purposes.  
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1. Introduction  
Food banking is one part of the broad safety net available to people requiring food assistance. Food banks receive 
food and support from the government and other donors such as manufacturers, farmers, grocery stores etc. through a 
network of branches.  The food is then distributed to agencies such as food pantries, group homes, and soup kitchens 
who then distribute the food to people in need. An individual or household is considered food insecure when they 
have limited access to safe and nutritious food required for an active, healthy life [1, 2]. In their study, [3] found that 
households that were food insecure at some time during the year were food insecure on an average of 7 out of the 12 
months in the year. Food insecurity is also prevalent among college students. One study found that approximately half 
of 2- and 4-year college students surveyed were food insecure [4]. 
 
The studies above point to the changing population of those requiring food assistance all year round. Even so, food 
banks must keep up with changing demand and supply patterns. They work to ensure the limited food they receive is 
equitably distributed based on the need in their service area. However, data-driven estimates of the true demand by 
the people in need are not available.  Previous research has focused on developing forecasts of the amount of donation 
food banks expect to receive using time series [5] and other machine learning models [6].  However, research is scant 
that has studied the distribution or supply side of food bank operations, especially in reducing the uncertainty 
associated with food demand. 
 
In this research, we use data from a local food pantry in Greensboro, North Carolina, to develop estimates of the 
amount of food they expect to distribute in the future. This food pantry typically opens twice a week – on Tuesdays 
and Thursdays - for client visits. Only for special purposes does it open three times a week. Clients are made to register 
on their first visit during which they answer questions about their household size, demographics, type of utensils they 
have for cooking, and so on. The food pantry operates a client-choice model whereby those seeking food assistance 
choose for themselves what products they want. This model has the potential to reduce food waste as clients do not 
have to take items they already have or foods they cannot eat for health or other personal reasons. It also makes 
ordering easier and ultimately upholds the dignity of the clients. More so, clients are provided a shopping list indicating 
the type of foods available from which they can choose. However, there is a cap on the amount of each food category 



that the client can choose from. The food pantry has an allocation policy based on the household size of the clients 
requiring food assistance. It also has a limit on how frequently the same client can visit, usually no more than once a 
week or twice a month.  
 
This study has benefit for hunger relief organizations as it provides a methodology for estimating the true demand 
they expect to receive in the near future. This will aid decision making relative to food distribution while also providing 
data for planning purposes. Ultimately, the organization can better serve its clients and improve on its effort to close 
the hunger gap.   
 
2. Method 
2.1 Data Collection 
We obtained visitation data from a local food pantry to determine how many people or households who are registered 
that use the food pantry’s services. The data was aggregated on a weekly basis for the period for which the food pantry 
was opened from February through December 2019. The food pantry did not open in August 2019. Open days ranged 
from one to three times per week. Data for 36 weeks was obtained in total. Sample data for February through April is 
shown in Table 1 below. 
 

Table 1: Sample Data 
Month Week 0 Visit 1 Visit 2 Visits Total New Clients 
Feb 1 

 
24 0 24 24 

Feb 2 22 32 0 54 30 
Feb 3 51 14 0 65 11 
Feb 4 57 17 0 74 9 
Mar 5 74 0 0 74 0 
Mar 6 68 11 0 79 5 
Mar 7 71 11 0 82 3 
Mar 8 76 10 0 86 4 
Apr 9 81 9 0 90 4 
Apr 10 84 14 0 98 8 
Apr 11 89 14 0 103 5 
Apr 12 94 18 0 112 9 

 
The data was analyzed to obtain the number of no-shows, one and two visits per client recorded per week. No-show 
(0 visit) refers to a client that registered (and visited at least once) at some point in the past but did not visit 
subsequently. The number of new clients was simply calculated as the difference between the total number of visitors 
in week, t and the immediate past month, t-1.  
 
2.2 Population Growth Models  
We considered two simple, deterministic models of population growth to represent the growth in the client population 
that visited the food pantry – exponential and logistic growth models. The models are discretized with weekly time 
step based on the data collected from the food pantry. For both models, the population size (Nt) in week t is expressed 
in terms of the total population (Nt-1) in the immediate past week (t-1) added to the number of new clients (growth), 
which is a fraction of Nt-1. The exponential growth model assumes the client population continues to grow at a constant 
annual rate (Rmax) [7]. This is represented in equation (1) below: 

Nt = Nt-1 + Nt-1Rmax          (1) 

The exponential growth model does not prove true forever because it depends on infinite amount of resources. 
However, populations can witness exponential growth before approaching what is known as the carrying capacity (K). 
That is, when the population size gets large enough, the growth rate begins to slow down because resources are more 
quickly used up. The growth rate ultimately levels off and the growth curve makes an S-shaped curve – the logistic 
growth curve. K is an input in the logistic growth model and is the maximum population size a specific environment 



can support, that is, the point at which the growth curve plateaus. The parameter, z is the exponent which governs the 
shape of the curve. The standard logistic curve is obtained when z = 1 [7]. See equation (2) below for the logistic 
growth model. 

Nt = Nt-1 + Nt-1Rmax  [1 −	%!!"#"
&
#
]        (2) 

Ideal exponential growth curve is J-shaped and logistic growth curve is S-shaped as shown in figure 1 below. 

 

Figure 1: Exponential and Logistic Growth Curves [8] 

2.3 Forecast Models  
Of the total population registered to use the food pantry, we know that only a fraction visits the food pantry once a 
week, and a much smaller fraction visits twice a week. Unlike the population which continues to grow over time, the 
number of clients who visit, at least once, can increase or decrease from month to month.  Therefore, we applied time 
series models to examine if the number of visits have a time-dependent structure, and thereafter, develop estimates of 
the number of weekly visits.  
 
2.3.1 ARIMA Models 
The autoregressive integrated moving average (ARIMA) assumes that subsequent values of a variable linearly depend 
on its past values and the values of past, random shocks [9]. To make a forecast, a multivariate model is considered 
when a relationship exists between the predicted values (dependent variable) and one or more independent variables. 
The aim is to forecast the dependent variable with more accuracy compared to using only the time series values. This 
is also known as the ARIMAX model, where ‘X’ represents the endogenous or independent variable. Conversely, a 
univariate model is used in the absence of an independent variable [10].  
 
2.3.2 Holt Winters’ Exponential Smoothing 
The Holt Winter’s method is a generalization of the exponential smoothing methods. It is useful for modeling 
univariate time series with trend or seasonal components. Past observations are assigned an exponentially decreasing 
weight, and these weights are summed to generate the forecast [11]. 

3. Results and Analysis 
3.1 Growth Model Fitting 
The growth model was built based on the weekly visitation data collected from the food pantry. This involved finding 
model parameters which provided the best fit to the data. Initial population size, N0 = 24 is the population in the first 
week used as the base week and designated as t = 0. It also serves as the intercept of the growth curve. Several values 
were considered for the parameters (except the initial population) until a model with the best fit was obtained. These 
are Rmax (maximum growth rate), K (carrying capacity) and z (exponent). The logistic growth model in equation (2) 
was applied to the data. The parameter values are shown in table 2 below.  



 
Table 2: Model Parameters 

Description Parameter Value 
Max rate of increase Rmax 0.12 
Initial population N0 24 
Carrying capacity K 750 

Exponent z 2 
  

 
Figure 2: Observed and model values of client population size 

 
As can be observed from figure 2, the logistic growth model captures the population growth fairly well, even though 
the model lags the observed values for the most part. The growth curve demonstrates apparent slowing of the growth 
rate as the population approaches current carrying capacity. 
 
3.2 Measure of Goodness of Fit 
For the population growth model, the goodness of fit was measured using the two-sample Kolmogorov-Smirnov (K-
S) test to determine whether the standardized residuals are normally distributed [7]. The two-sample K-S test is a non-
parametric test that quantifies the distance between the empirical distribution functions of two samples. The null 
distribution of the statistic is estimated using the null hypothesis that the samples are drawn from the same distribution 
and that the two distributions are identical.  
 
For the logistic growth model developed in this study, D = 0.233 was obtained as the two-sample K-S statistic with p-
value = 0.342. Therefore, at significance level α = 0.05, we fail to reject the null hypothesis that the two distributions 
are identical. Therefore, the logistic growth model developed properly captures the population growth of the clients 
using the food pantry data considered in this study. Consequently, we can also represent the number of new visitors 
to the food pantry on a weekly basis. 
 
3.3 Forecasting Number of Visitors 
Data for the weekly number of visits to the food pantry was used to develop estimates of how many visits they should 
expect in the future. Before applying the time series models discussed in section 2.3 above, February data – the first 
month - was removed because this month had significantly larger number of visitors (relative to the total population) 
compared to other months. Therefore, data for 31 weeks starting from March was used to build the time series models. 
The data was divided into training and testing sets (80:20 split). Three time series models – Holt Winters’ Exponential 
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Smoothing, ARIMA and ARIMAX were considered, and the models were built with Python and R programs. We 
employed walk-forward validation in the modeling process such that the training set expands each time step and the 
test set is fixed one-step ahead. This ensures that the model is updated each time step new data is added considering 
the small dataset presently available for our study. 
 
3.3.1 ARIMA Models 
We explored the possibility of predicting the number of visits with the registered population size at time, t. This was 
because the number of visits and population size were highly correlated (correlation coefficient, r = 0.76). Therefore, 
we fit the ARIMAX model to the visitation data with population as the endogenous variable. A seasonal decomposition 
of the data indicated the presence of trend and seasonal components. This is shown in the figure below. 
 

 
Figure 3: Decomposition of the time series of number of visits to the food pantry 

 
We grid-searched a suite of ARIMA hyperparameters to identify the combination of p, d, q (trend, seasonality and 
white noise) parameters with the best performance based on the root mean square error (RMSE). ARIMA (0,1,1) was 
identified as the best performing combination and was applied to the training set. Mean Absolute Percentage Error 
(MAPE) was used to measure the accuracy of the models. 
 
Based on the test set, the ARIMAX model returned a MAPE of 56.6%, which is very high. The univariate ARIMA 
model was also applied only to the visitation data. The test set revealed a MAPE of 48.4%. The ARIMAX model has 
a limitation in that it requires an observation for the endogenous variable for every future value of the time series it 
forecasts. However, the pure ARIMA model can forecast farther into the future, even though the skill of the model 
degrades with time when used to forecast for a much longer horizon. 
 
3.3.2 Holt Winters’ Exponential Smoothing 
To generate the forecast of the number of visits, a seasonal period of 5 weeks was used as these generated lower 
percentage error compared to 4 weeks. The test set returned a MAPE of 37.11%.  
  
4. Discussion and Conclusion  
In this study, we obtained visitation data for a local hunger relief organization. The data was aggregated weekly to 
develop estimates of the total number of clients using the food pantry’s services and the new clients that were added 
every week for the period considered. We then modeled the population growth by fitting the data to a logistic growth 
model. We obtained a model with a good fit and therefore, can develop estimates of the population growth in the 
future.   
 
Of the total registered population, we recognize that a fraction visits the food pantry one or more times in a week. 
Hence, we used time series models to capture the changing number of visits received every week. Even though we 
expected the introduction of the population variable to improve the accuracy of the forecast, the univariate time series 
model performed better than the multivariate model, despite a high correlation between the number of visits and the 
population size. More so, both ARIMA models performed lower than the Holt-Winter’s method. We note the small 



size of the data available for our study. Therefore, the accuracy of these models can be improved as more data becomes 
available. Machine learning models will also be considered, even though this study revealed trend and seasonal 
components inherent in the number of visits made to the food pantry.  
 
Fitting the population growth to a distribution and developing estimates of the number of visits to the food pantry are 
the first steps in our quest to estimate the true demand at this local hunger relief organization. As a next step, we will 
obtain data for the allocation policy of the food pantry, based on household size, since the quantity of food given to 
the client depends on the number of people in the client’s household. We can then obtain the true demand by combining 
the distribution of the client population, the frequency of visits by the registered clients and the allocation policy used 
for food distribution by the food pantry. 
 
Data-driven estimates of the true demand received by a hunger relief organization helps to reduce the uncertainty 
surrounding meeting the needs of those requiring food assistance. This research provides a method for estimating the 
true demand for charitable food that can be applied to other agencies involved in the fight against hunger. We will 
also apply this technique to the broader agency-food bank relationship since larger food banks also treat individual 
agencies as clients that have specific times when they visit for shopping. Agencies are also sometimes categorized as 
small, medium and large, similar to the way a food pantry allocates food to its clients based on household size. This 
research contributes to the supply side of food bank operations which has received less attention among researchers 
over the years. 
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