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Abstract 

This paper attempts to forecast the 10-day ahead daily nominal exchange rate of Indian 

Rupee against four major currencies, namely, the US Dollar, Euro, British Pound, and 

Japanese Yen. Literature points to a continuous debate on whether exchange rates follow a 

random walk or can be modelled; there is also a debate on whether one should use structural 

models or time series models to forecast exchange rates. This paper uses two core time 

series models, ARIMA and naïve, to forecast exchange rates. The Hyndman Khandakar 

Algorithm has been applied to build the ARIMA model. The results show that the ARIMA 

model provides a better forecast than the naïve model for the Dollar-Rupee exchange rate, 

while the naive model outperforms the ARIMA model for Euro, Pound and Yen.  

Keywords: ARIMA, Forecasting, Hyndman Khandakar Algorithm, Naïve, Nominal 

Exchange Rate. 
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I. Introduction 

Forecasting is an integral part of the decision-making process of managements and 

governments (Diebold, 2006). Forecasts of foreign exchange rates are particularly useful 

for central banks, the custodian of foreign exchange reserves of a country, and whose 

mandate is to ensure orderly conditions in the foreign exchange market (Reserve Bank of 

India). A country’s exchange rate is one of the most closely monitored indicators, as 

fluctuations in exchange rates can have far reaching economic consequences (Ribeiro, 

2016). Foreign exchange markets account for a significant and sizeable segment of 

financial markets in the world, with continuous trading throughout the day around the 

globe, and daily transactions amounting to trillions of dollars of different currencies 

(Khashei & Bijari, 2011). Since most foreign exchange transactions are settled in the 

future, exchange rate forecasts become important to predict the future cash flows. 

(Alessandro Nicita, UNCTAD).  Forecasting exchange rate is crucial as it has significant 

impact on key macroeconomic fundamentals, such as oil price, interest rate, wage, 

unemployment, and the level of economic growth (Ramzan et al, 2012). 

Exchange rate is the rate at which two national currencies exchange for each other 

(Lipsey & Crystal, 1995). The foreign exchange rate is the price of foreign currency in 

terms of domestic currency (Samuelson & Nordhaus, 1998; Usman & Adejare, 2013). 

Nominal exchange rate is expressed as the units of domestic currency needed to buy one 

unit of foreign currency (Dornbusch et al, 2005). “Forecasting whether the exchange rate 

will rise or fall tomorrow is about as predictable as forecasting whether a tossed coin will 

come down as a head or a tail. In both situations, you will be correct about 50% of the 

time, whatever you forecast. In situations like this, forecasters need to be aware of their 

own limitations, and not claim more than is possible” (Hyndman and Athanasopoulos, 

2021). 

The literature on forecasting often focuses on getting the best forecast at a point 

in time for a particular variable or variables, sometimes with certain benchmark methods, 

but also often with more complex, specialized and less transparent methods. Increasingly 

real-time data are available. This makes it possible to track and forecast such variables in 

real time, with regular updates. This implies that we should view both tracking and 

forecasting as continuous and dynamic. Foreign exchange rate is one topic that is of 

interest to governments, central banks and international agencies. How to forecast foreign 



 

 

exchange rate is one subject that all stake-holders face when making plans. The more 

accurate the forecast result is, the more effective the plan is. In this paper, by using 

ARIMA and naïve models, with daily nominal foreign exchange rate data from 2010 to 

2022, we make the 10-day ahead forecast of the foreign exchange rate of the Indian Rupee 

against the US Dollar, Euro, British Pound and Japanese Yen. For continuous forecasting 

and updating, we use the Hyndman Khandakar algorithm-based ARIMA modelling, well 

suited to produce benchmark forecasts, and also facilitating real-time continuous 

forecasts. We seek to update our visualizations, note the divergence of forecasts with 

actual values, and produce new forecasts at regular intervals. Our exercise also helps us 

to explore the feasibility of such exercises being conducted in practical settings.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

II. Literature Review 

Time series forecasting models are based on analysis of historical data. They are based 

on the assumption that past data affects the forecasts of future data points. There are 

various models for forecasting exchange rates.  A review of the literature on exchange 

rate forecasting suggests the use of naïve models, Neutral Networks (Verkooijen, 1996), 

ARIMA model (Tseng, 2001), (Znaczko, 2013), Least Squares model (Hongxing et al., 

2007), Purchasing Power Parity model, and Balassa-Samuelson channel (David et al., 

2010).  

The efficient market hypothesis assumes that rational traders incorporate all 

available information relevant to the fundamental value of the exchange rate while 

valuating a currency. Given this, in the absence of any new and relevant information, 

exchange rates will reflect their fundamental values and there will be no opportunities for 

profitable trading (Nguyen, 2004). Economic and financial considerations suggest that 

exchange rates should be close to random walks, because if the change were predictable, 

one could make a lot of money with very little effort, and the very act of doing so would 

eliminate the opportunity (Diebold, 2006). Meese and Rogoff (1983) compared a number 

of time series and structural models on the basis of out of sample forecasting accuracy 

and found that in the short horizon (less than one year) random walk model outperforms 

a range of fundamentals-based models of exchange rate determination.  

ARIMA models have been extensively used in time series forecasting of macro-

financial indicators. Some applications from a survey of the literature include, inflation 

in Ireland (Meyler, 1998), stock prices (Mondal, 2014) , (Jarrett, 2011), and gold prices 

(Guha & Bandyopadhyay, 2016). With the forecast object as foreign exchange rate, 

ARIMA is also a good solution for prediction (Appiah & Adetunde, 2011), (Nwankwo, 

2014), (Tlegenova, 2014). Nyoni (2018) has undertaken an extensive survey of empirical 

studies in Nigeria and other countries that use ARIMA-based time series approaches to 

forecast exchange rates. A majority of them find the simple ARIMA models to be an 

appropriate forecast methodology.  

After examining the results of these studies above, we decide to use the ARIMA 

and Naïve models as the main methodology for forecasting the daily nominal exchange 

rate of the Indian Rupee against US Dollar, Euro, British Pound, and Japanese Yen. 



 

 

III. Theories of Exchange Rate Determination  

We discuss the five most popular theories of exchange rate determination, namely, the 

Purchasing Power Parity Hypothesis, Efficient Market Hypothesis, Balance of Payment 

Theory, Monetary Approach to Exchange Rate Determination, and Portfolio Balance 

Approach (Castillo, 2002). 

1. Purchasing Power Parity Theory:  

According to this theory, in the absence of transaction costs and trade barriers, the 

equilibrium exchange rate between the currencies of two countries should be equal 

(absolute version) or proportional (relative version) to the ratio of domestic to foreign 

price levels. Thus, a currency will lose value if there is inflation in the country as it erodes 

the purchasing power of the currency. 

2. Interest Rate Parity Hypothesis:  

Under the assumption of perfect capital mobility and perfect substitutability of 

assets, interest rate differentials between two countries should be unbiased predictors of 

changes in exchange rates.  

3. Balance of Payment Theory:  

According to this theory, equilibrium exchange rate is determined by the 

equilibrium in balance of payments, i.e. when there is neither a surplus nor a deficit in the 

current and capital accounts of the country. 

4. Monetary Approach to Exchange Rate Determination: 

According to this approach, exchange rate is determined by the equilibrium in the 

money markets of the two countries, i.e., balancing of the total demand and total supply 

of national currency in each country.  

5. Portfolio Balance Approach: 

The essence of this approach is that the exchange rate is determined in the process 

of equilibrating or balancing the demand for and supply of all financial assets (namely, 



 

 

nominal money, domestic and foreign bonds), of which money is only one form of asset. 

Thus, it extends the scope of the Monetary Approach and brings trade explicitly into the 

determination of exchange rates. 

While these theories give us an idea about variables affecting exchange rates, since the 

adoption of floating exchange rate regimes in the 1970s and 1980s, observed deviations 

in short and medium-term exchange rates have been much too volatile to be explained by 

fundamentals-based exchange rate theory. This necessitates the need for empirical, time 

series models in forecasting exchange rates (Rauli Susmel, Bauer College of Business).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

IV. Time Series Forecasting Models 

This section explains the time series forecasting models used in this paper. Primary 

reference for this section is Diebold (2006). 

1. Naïve models 

Naïve models simply set the value of the forecast as the value of the last 

observation. Thus, the forecast plot resembles a straight horizontal line originating at the 

last observation. Given that ERT is the nominal exchange rate at time ‘T’ (last observation 

of the dataset), the forecast of the exchange rate (ER) for all time periods ‘T+h’ (h >= 1) 

is given by: 

ERT+h|T = ERT ; for all h = 1, 2, 3, …  

2. Autoregressive Process 

These forecasts are based on a linear combination of past values of the variable to 

be forecasted. Given that εt is a purely random process with mean 0 and constant variance, 

and ERt is the nominal exchange rate at time ‘t’, the forecast of the exchange rate (ER), 

following an AR(p) process, at time ‘t+1’ is given by:  

ERt = c + ϕ1ERt−1 + ϕ2ERt−2 +⋯+ ϕpERt−p + εt, where εt is white noise. 

3. Moving Average Process 

These models are based on the idea that current and past shocks systematically 

feed into the current value of the time series. An MA model is a regression model with 

nothing but current and lagged disturbances on the right-hand side. Given that εt is a 

purely random process with mean 0 and a constant variance, and ERt is the nominal 

exchange rate at time ‘t’, the forecast of the exchange rate (ER), following an MA(q) 

process, at time ‘t+1’ is given by:  

ERt = c + εt + θ1εt−1 + θ2εt−2 +⋯+ θqεt−q 

4. ARIMA Process 

The ARIMA modelling approach proposed by Box & Jenkins (1976) is 



 

 

recognized as a benchmark technique in forecasting methods because of its structured 

modelling basis and acceptable forecasting performance (Goh & Teo, 2000). ARIMA 

models are a set of models that describe the process as a function of its own lags and 

white noise process (Box & Jenkins, 1974). A stochastic process (ERt) is called an 

ARIMA (p, d, q) process if it is integrated of order ‘d’ and the d times differenced process 

(ER′t ) has an ARMA(p,q) representation, i.e., 

ER′t = c + ϕ1ER′t−1 + ⋯ + ϕpER′t−p + θ1εt−1 +⋯+ θqεt−q + εt , where ER′ is the d-times 

differenced time series.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

 

V. Data Specification and Time Plots 

The time series models in this paper use the following daily nominal exchange rates: 

Dollar-Rupee (USD/INR), Euro-Rupee (EUR/INR), Pound-Rupee (GP/INR), and Yen-

Rupee (JPY/INR). Data for the paper spans the period from March 2010 to March 2022, 

out of which only recent data (post June 2021) has been used to fit the model. The data 

has been accessed from Bloomberg. The four countries chosen for the purpose of analysis 

in this paper are USA, Europe, UK, and Japan. This is because USA, Europe, UK and 

Japan are key trading partners of India. Further, Dollar, Euro, Pound and Yen are the most 

important floating currencies in the world, that is, currencies which move in response to 

the forces of demand and supply in the forex market, and are not actively managed by the 

respective central banks. The data used is available at daily frequency, with some missing 

observations. The missing observations correspond to weekends and public holidays. The 

time plots of USD/INR, Euro/INR, GBP/INR and JPY/INR shown below shed light on 

the evolving performance of these exchange rates. 

1. Dollar-Rupee exchange rate 

 
Figure 1: USD/INR exchange rate exhibits a long-run increasing trend, along with a cyclical (random) component. 

The USD-Rupee exchange rate exhibits a long-run rise in the nominal exchange 

rate Rupee vis a vis Dollar. This observation is supported by the International Monetary 

Fund, which downgraded the 2026-27 projected estimate of India’s nominal GDP (in 

dollar terms) from $4.53 trillion (in the April 2021 World Economic Outlook report) to 



 

 

$4.39 trillion in the (October 2021 World Economic Outlook report). A level shift and 

rapid depreciation is observed in the data after 2013, which coincides with the Fed’s 

reversal of quantitative easing (taper tantrum). The fall in exchange rates (appreciation) 

during 2021 can be attributed to the high return on Indian equities and FPI inflows. Owing 

to the Russia-Ukraine crisis, escalated crude oil prices are expected to exert an upward 

pressure on the exchange rate. 

2. Euro-Rupee exchange rate 

 
Figure 2: EUR/INR exchange rate exhibits an increasing trend, along with a cyclical (random) component. 

There is a long run trend of increasing nominal exchange rates, with substantial 

cyclicity. Eurozone Debt Crisis contributed to the low value of Euro-Rupee exchange rate 

(weak Euro) from 2010 to 2012. However, Euro witnessed it sharpest rise during 2013, 

reaching a historical high in August. This was at the back of the post-crisis recovery 

programme undertaken by the European Union, including a Stability and Growth Pact 

and Outright Monetary Transactions. Euro witnessed its sharpest drop in 2015 due to the 

likelihood of an increase in US interest rates, the deepening crisis in Greece, and the effect 

of the ECB’s quantitative easing programme. By end of 2021, the Euro endured a bruising 

year due to above target inflation and slow wage growth. This trend is expected to 

continue as the ECB has refused from increasing interest rates before the end of 2022. 

Further. The Russia-Ukraine crisis has significant economic repercussions on Europre, 

owing to its natural gas and commodity dependence on Russia and Ukraine.    



 

 

3. Pound-Rupee exchange rate 

 
Figure 3: GBP/INR exchange rate exhibits a strong random/cyclical pattern, with a weakly (non-linear) increasing 

trend. 

The Pound-Rupee exchange rate exhibits high cyclicity and a weakly increasing, 

non-linear trend. The drop post-2015 can be attributed to uncertainty in the Brexit trade 

negotiations, soaring cost of living, and a string of planned tax increases. The dramatic 

fall in 2016 can be attributed to speculations of a hard Brexit. The bounce in 2019 was 

because of a clear Conservative majority in the UK general elections, dispelling some 

Brexit-related uncertainty. The pound exhibited a mixed performance in 2021, rising and 

then falling: it was boosted by UK’s swift vaccine roll-out programme, but then other 

countries caught up.  



 

 

4. Yen-Rupee exchange rate 

 
Figure 4: JPY/INR exchange rate exhibits a strong random/cyclic behaviour, with a weakly (non-linear) increasing 

long-run trend.   

Movement of the Yen-Rupee exchange rate shows a highly volatile pattern. There 

was a steep fall in 2013 in the face of the aggressive monetary stimulus to revive Japan’s 

falling economy. The unprecedented strengthening of Yen in 2016 can be attributed to 

aversion to global risks and increased capital inflows to Japanese safe-haven assets. Post-

2020, Yen-Rupee exchange rate has been exhibiting a declining trend which is expected 

to continue. This is due to higher global interest rates, and a small (and declining) 

Japanese current account surplus. 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

VI. Methodology 

Observing the time plots above, it appears that the Dollar-Rupee exchange rate exhibits a 

systematic upward trend, with a cyclical component. On the other hand, Euro-Rupee, 

Pound-Rupee and Yen-Rupee seem to follow a random walk, with long periods of 

apparent up and down trends, and sudden and unpredictable changes in direction 

(Diebold, 2006). The components of the workflow involved in estimating the models can 

be summarized by the following schematic: 

 
Figure 5: Components of the workflow (Schematic) 

This paper follows the approach delineated in the book, Forecasting: Principles and 

Practices (3rd edition) by Rob J Hyndman and George Athanasopoulos. To implement the 

forecasts, fpp3 package in R has been used. To identify the appropriate ARIMA model, 

instead of a manual approach, we follow the Hyndman Khandakar Algorithm.  

1. Training and testing sets 

In order to judge the efficacy of forecasts, the model’s performance needs to be assessed 

on new data which was not used to fit the model, but for which the actual observations 

are available. This new data forms the testing set, and the data that is used to fit the model 

forms the training set.  

In this paper, training set spans the period from 1 June 2021 to 11 March 2022, 

Make forecast using the chosen model

Undertake diagnostic checks of the residuals

Analyse accuracy of forecast, and choose the best fit

Apply the candidate models to testing set

Train the Naïve and ARIMA models (use the HK Algorithm 
for the latter)

Create Training and Testing Sets

Load the data and the fpp3 forecasting package in R



 

 

while the testing set comprises of observations from 12 March 2022 to 21 March 2022. 

The forecasts are made for the period, 22 March 2022 to 31 March 2021. The significance 

of the testing set lies in the fact that a model that which fits the training data may not 

necessarily forecast well since a perfect fit can be artificially manufactured by over-fitting 

a model to training data with enough parameters. Including the entire history of 

observations from the beginning of the dataset (i.e. March 2010) is not advisable as it can 

deteriorate forecast accuracy because of the rapidly changing context and environment 

during the data period1. This is in accordance with the parsimony principle, “less is more”, 

when it comes to time series forecasting.  

 
Figure 6: Subsetting of Data for Forecasting 

2. Hyndman Khandakar (HK) Algorithm 

 
Figure 7: Hyndman Khandakar Algorithm (Schematic) 

 
1 When the entire data from March 2010 was used to train the model, the algorithm predicted an 

ARIMA(0,0,0) model, which is essentially white noise. 



 

 

The HK algorithm combines the unit root test for stationarity, minimisation of the Akaike 

Information Criterion, and Maximum Likelihood Estimation to obtain the appropriate 

ARIMA model. The algorithm applies the KPSS (Kwiatkowski–Phillips–Schmidt–Shin) 

test to determine the order of integration, where the number of differences vary between 

0 and 2 (0≤d≤2). The values of p and q are chosen by fitting four models in a stepwise 

manner (ARIMA(0,d,0), ARIMA(2,d,2), ARIMA(1,d,0), ARIMA(0,d,1): with constant 

if d = 0 or 1, and without constant if d = 2). The order magnitudes which give the lowest 

AIC value are chosen as the current model. Further variations of +/- 1 in p and/or q, and 

inclusion/exclusion of constant are considered. Finally, the model with the lowest AIC 

value is chosen as the final model.  

3. Choosing between the Naïve and ARIMA models 

Along with the ARIMA estimation, a naïve model is fitted on the training set. The 

accuracy results of the ARIMA and naïve model are compared in the testing set. 

Appropriate model with lower discrepancy between forecasted and actual observations 

(point forecasts observed graphically), and lower values of mean squared error, mean 

absolute error, etc. is chosen. 

4. Testing the Model 

For the chosen model to be coherent, one-step-ahead forecast errors should be white 

noise. If this is not the case, i.e. the errors are serially correlated, then it means that the 

errors contain additional information, and are forecastable. Thus, the forecast does not 

use all the available information, and can be improved upon (Diebold, 2006). 

5. Undertaking the forecast 

Once the residuals from the chosen model are found to be white noise, the appropriate 

model is fit to make the 10-day ahead forecast of the nominal exchange rates. 

 

 

 

 

 

 



 

 

VII. Results  

The results of the ARIMA(1,0,0) forecast for Dollar suggest an increase in the nominal 

exchange rates between 22 March 2022 to 31 March 2022. The naïve forecasts for Euro, 

Pound and Yen (owing to significant cyclicity in the exchange rate evolution over time) 

suggest a constant forecast at the value of exchange rate on the last available day (i.e. 21 

March 2022). 

The coefficient of the AR(1) component in the ARIMA(1,0,0) model for Dollar-

Rupee exchange rate is significant and less than 1, meaning that the series returns to its 

mean slowly. The naïve forecasts for Euro, Pound and Yen follow from the fact that these 

exchange rates follow random walk, and so the last period exchange rate is the best 

possible forecast with the given information. This is in accordance with the efficient 

market hypothesis discussed above.  

Application of the methodology on the training and testing sets yields the 

following results.  

1. ARIMA models chosen by HK algorithm 

The HK algorithm is applied to all four exchange rates. The algorithm fits an 

ARIMA(1,0,0) model for the Dollar-Rupee, Pound-Rupee and Yen-Rupee exchange 

rates, and ARIMA(0,0,0) for the Euro-Rupee exchange rate.  

2. Accuracy test results and interval forecast in the testing set2 

The ARIMA model forecasts are then compared with the naïve model forecasts. Accuracy 

tests and graphical analysis suggest the choice of ARIMA(1,0,0) for the Dollar-Rupee 

exchange rate (see below), and the naïve model for exchange rate of Rupee with Euro, 

Pound, and Yen (see Appendix A).  

 
2 To prevent cluttering, only the results for Dollar-Rupee exchange rates are presented here. The 

results for the other exchange rates are given in Appendix A. 



 

 

 
Figure 8: Point forecasts of the USD/INR exchange rate in the testing set 

Table 1: Accuracy test results for USD/INR forecasts 

.model	 .type	 ME	 RMSE	 MAE	 MPE	 MAPE	 ACF1	

arima	 Test	 -0.11651	 0.28063	 0.218825	 -0.15403	 0.28761	 0.238509	

naive	 Test	 -0.32304	 0.440257	 0.33004	 -0.42509	 0.434227	 0.283231	

ARIMA(1,0,0) seems to be a better fit as compared to the naïve model for 

forecasting the daily Dollar-Rupee exchange rates. This is reinforced both by the point 

forecasts in the testing set being closer to the observed values for ARIMA (Figure 8), and 

by its lower error values in the accuracy tests (Table 1). 

 
Figure 9: Interval forecasts of the USD/INR exchange rate based on ARIMA(1,0,0) model in the testing 

set. 

Interval forecasts based on the ARIMA model further validate its choice over the 

naïve model. All realisations lie within the confidence intervals (Figure 9). 



 

 

3. Error Diagnostics3 

The results of the diagnostic test on the residuals from the chosen models (ARIMA(1,0,0) 

for USD/INR and naïve for EUR/INR, GBP/INR and JPY/INR) confirm that they satisfy 

the properties of white noise. Thus, there is no forecastability in the forecast errors. This 

confirms that our chosen models are adequate and can be used for forecasting.  

 
Figure 10: Residual diagnostics on USD/INR forecast errors 

The graphs in Figure 10 show that the ARIMA method produces forecasts that 

appear to account for all available information. The mean of the residuals is close to zero 

and there is no significant correlation in the residuals series (as seen from ACF plot). The 

time plot of the residuals shows that the variation of the residuals stays almost same across 

the historical data, apart from the one outlier, therefore the residual variance can be treated 

as constant. This can also be seen on the histogram of the residuals. The histogram 

suggests that the residuals may not be normal — the right tail seems a little too long. 

Consequently, forecasts from this method will probably be quite good, but prediction 

intervals that are computed assuming a normal distribution may be inaccurate. 

 
3 To prevent cluttering, only the results for Dollar-Rupee exchange rates are presented here. The 

results for the other exchange rates are given in Appendix B. 



 

 

4. Forecast equations and 10-day ahead forecasts 

i. Dollar-Rupee exchange rate: ARIMA(1,0,0) w/ mean 

USDt+1 = 1.44 + 0.98*USDt + εt 
(AIC= -16.14, BIC= -5.2) 

 

 

ii. Euro-Rupee exchange rate: Naïve model 

EURt+1 = 84.207 + εt 

(sigma^2: 0.0822) 

 

 

date_Dollar 22-03-2022 23-03-2022 24-03-2022 25-03-2022 26-03-2022 27-03-2022 28-03-2022 29-03-2022 30-03-2022 31-03-2022
Forecast_Dollar 76.073 76.040 76.008 75.976 75.946 75.915 75.886 75.857 75.829 75.802

date_Euro 22-03-2022 23-03-2022 24-03-2022 25-03-2022 26-03-2022 27-03-2022 28-03-2022 29-03-2022 30-03-2022 31-03-2022
Forecast_Euro 84.207 84.207 84.207 84.207 84.207 84.207 84.207 84.207 84.207 84.207



 

 

iii. Pound-Rupee exchange rate: Naïve model 

GBPt+h = 100.093 + εt 
(sigma^2: 0.1412) 

 

 

iv. Yen-Rupee exchange rate: Naïve model 

JPYt+1 = 0.638 + εt 
(sigma^2: 0.0022) 

 

 

 

date_Pound 22-03-2022 23-03-2022 24-03-2022 25-03-2022 26-03-2022 27-03-2022 28-03-2022 29-03-2022 30-03-2022 31-03-2022
Forecast_Pound 100.093 100.093 100.093 100.093 100.093 100.093 100.093 100.093 100.093 100.093

date_Yen 22-03-2022 23-03-2022 24-03-2022 25-03-2022 26-03-2022 27-03-2022 28-03-2022 29-03-2022 30-03-2022 31-03-2022
Forecast_Yen 0.638 0.638 0.638 0.638 0.638 0.638 0.638 0.638 0.638 0.638



 

 

VIII. Conclusion and Scope for Further Research  

There is a rich literature on forecasting exchange rates for developed and developing 

countries using a variety of approaches. Most studies find the simple ARIMA models to 

be appropriate for forecasting exchange rates. The efficient market hypothesis, however, 

suggests that financial variables cannot and should not be perfectly forecastable. If this is 

so, there might be arbitrage opportunities that would automatically destroy the existence 

of such predictable patterns. Going by this hypothesis, thus, the naïve forecast seems to 

be the best forecast possible. Our study is accordance with both these viewpoints. The 

ARIMA(1,0,0) model is the chosen model for the short-term (10 day ahead), daily Dollar-

Rupee exchange rate forecast. On the other hand, to forecast the short-term (10 day 

ahead), daily Euro-Rupee, Pound-Rupee and Yen-Rupee exchange rates, the naïve model 

seems to be the preferred model.  

The fundamentality of exchange rates as one of the key macroeconomic indicators 

necessitate the need for their forecasts. However, their inherently noisy and chaotic 

behaviour make reliable forecasting challenging. Advanced forecasting techniques that 

use neural networks and ensemble forecasts can be employed. There is some evidence 

supporting the superiority of artificial neural network forecasting models because of their 

ability to extract non-linear and interactive effects (Kamruzzaman and Sarker, 2003). 

Another forecasting approach based on a non-linear regression model is Facebook’s 

Prophet Model (Taylor and Letham, 2018). This was originally used for forecasting daily 

data with complex seasonality and holiday effects. This makes them highly relevant to 

forecast exchange rates. Ease of their application in the fpp3 package make them a natural 

extension to the research undertaken here. Further, we flagged the issue of missing 

observations (corresponding to weekends and public holidays) in our data. As an 

extension to this paper, we intend to look at possible interpolation techniques, and 

subsequently, undertake the forecasts. Dua and Suri (2019) study the interlinkages 

between the four exchange rates considered in this paper, and finds significant bi-

directional causality between them. Modelling these exchange rates in a Vector 

Autoregressive Integrated Moving Average (VARIMA) framework can provide better 

forecasts that takes feedback relationships between exchange rates into account, thus 

improving the accuracy of forecasts. Thus, using the benchmark models of forecasting, 

we generate basic forecasts, whose scope can be further expanded by building on these 

core models.   
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Appendix A: Accuracy test results and interval forecast in the testing set for 

Euro, Pound and Yen 

1. Euro-Rupee exchange rate 

 
Figure A1: Point forecasts of the EUR/INR exchange rate in the testing set 

Table A1: Accuracy test results for EUR/INR forecasts 

.model	 .type	 ME	 RMSE	 MAE	 MPE	 MAPE	 ACF1	

arima	 Test	 -2.21598	 2.225659	 2.215984	 -2.63722	 2.637225	 0.04516	

naive	 Test	 0.04074	 0.211262	 0.20042	 0.047865	 0.238398	 0.04516	

 

Naïve model seems to be a better fit as compared to the ARIMA model for 

forecasting the daily Euro-Rupee exchange rates. This is reinforced both by the point 

forecasts in the testing set being closer to the observed values for the naïve model (Figure 

A1), and by its lower error values in the accuracy tests (Table A1). 

 



 

 

 
Figure A2: Interval forecasts of the EUR/INR exchange rate based on naïve model in the testing set. 

Interval forecasts based on the naïve model further validate its choice over the 

ARIMA model. All realisations stay within the confidence intervals (Figure A2). 

 

2. Pound-Rupee exchange rate 

 

 
Figure A3: Point forecasts of the GBP/INR exchange rate in the testing set 

Table A2: Accuracy test results for GBP/INR forecasts 

.model	 .type	 ME	 RMSE	 MAE	 MPE	 MAPE	 ACF1	

arima	 Test	 -0.63168	 0.655829	 0.631679	 -0.63301	 0.63301	 -0.07467	

naive	 Test	 -0.3265	 0.369413	 0.3265	 -0.32736	 0.327358	 -0.21369	

 



 

 

Naïve model seems to be a better fit as compared to the ARIMA model for 

forecasting the daily Pound-Rupee exchange rates. This is reinforced both by the point 

forecasts in the testing set being closer to the observed values for the naïve model (Figure 

A3), and by its lower error values in the accuracy tests (Table A2). 

 

 
Figure A4: Interval forecasts of the GBP/INR exchange rate based on naïve model in the testing set. 

Interval forecasts based on the naïve model further validate its choice over the 

ARIMA model. All realisations stay within the confidence intervals (Figure A4). 

 

3. Yen-Rupee exchange rate 

 
Figure A5: Point forecasts of the JPY/INR exchange rate in the testing set 



 

 

Table A3: Accuracy test results for JPY/INR forecasts 

.model	 .type	 ME	 RMSE	 MAE	 MPE	 MAPE	 ACF1	

arima	 Test	 -0.01298	 0.013865	 0.012976	 -2.02232	 2.02232	 0.472251	

naive	 Test	 -0.01165	 0.012477	 0.01165	 -1.81573	 1.815734	 0.48769	

 

Naïve model seems to be a better fit as compared to the ARIMA model for 

forecasting the daily Yen-Rupee exchange rates. This is reinforced both by the point 

forecasts in the testing set being closer to the observed values for the naïve model (Figure 

A5), and by its lower error values in the accuracy tests (Table A3). 

 

 
Figure A6: Interval forecasts of the JPY/INR exchange rate based on naïve model in the testing set. 

Interval forecasts based on the naïve model further validate its choice over the 

ARIMA model. All realisations stay within the confidence intervals (Figure A6). 

 

 

 

 

 

 



 

 

Appendix B: Residual diagnostics for Euro, Pound and Yen 

  

 
Figure B1: Residual diagnostics on EUR/INR forecast errors 

 

 
Figure B2: Residual diagnostics on GBP/INR forecast errors 

 



 

 

 

 
Figure B3: Residual diagnostics on JPY/INR forecast errors 

The graphs in Figures B1-B3 show that the naïve model produces forecasts that 

appear to account for all available information. The mean of the residuals is close to zero 

and there is no significant correlation in the residuals series (as seen from ACF plot). The 

time plot of the residuals shows that the variation of the residuals stays almost same across 

the historical data, apart from the one outlier, therefore the residual variance can be treated 

as constant. This can also be seen on the histogram of the residuals. The histogram 

suggests that the residuals may not be normal — the right tail seems a little too long. 

Consequently, forecasts from this method will probably be quite good, but prediction 

intervals that are computed assuming a normal distribution may be inaccurate. 

 


