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Abstract

This research examines the effect of climate factors on the outflow of the Khanpur Reservoir in
Pakistan by employing ANN for modeling. To forecast the reservoir outflow, the hydrological and
climate variables such as seepage, maximum temperature, rainfall, live storage, evaporation, hu-
midity and inflow are utilized in the analysis. ANN models with 5x5 (5 neurons in each two layers),
10x10, 15x15, 20x20, 25x25 neurons combination were created and evaluated, and it was found
that the model with 20 neurons in each hidden layer had the best performance having R? value of
the training and validation set was 0.95 and 0.85 respectively. The sensitivity analysis through
interaction profiles revealed that live storage is the most significant predictor of reservoir outflow
due to its high main effect (84410) and comparatively low interaction with other variables (total
effect: 9790). This underscores the importance of accurately measuring and incorporating live stor-
age in reservoir management strategies. Moreover, inflow had moderate direct impact (0.097) and
the highest overall impact (0.423) revealing it as another most significant and sensitive predictor
of outflow. Rainfall exhibited minimal direct influence with main effect: 0.029) but significant
interaction effects (total effect: 0.411) showing its moderate effects on outflow. Total seepage and
maximum temperature had small main effects: 0.021 and 0.038, respectively, but their moderate
total effects were 0.367 and 0.341, respectively, pointed to their indirect significance. In contrast,
evaporation and relative humidity exhibited very small individual and combined impacts on out-
flow (main effect: 0 and 0.014; total effect: 29.03 and 0.129, respectively). These results reveal the
strong impact of climate variables on reservoir outflow prediction and capability of ANN in mod-
elling these aspects. This research adds to the existing literature on employing Al and machine
learning for optimizing reservoir management and advancing water management techniques under
the new climate reality.
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1. Introduction

Reservoirs are basic facilities in water resource system, and they play important roles
including flood management, water supply, irrigation, and generation of hydroelectric
power. Climatic and hydrological factors play a very central role in the operation of a
reservoir where the inflow into the reservoir is determined by rainfall. Forecasting of the
inflow is crucial in determining the availability of water in reservoirs and in planning how
best to utilize water resources in a given society, particularly in arid zones where water is
a very scarce resource [1][2]. These forecasts are, however, contrary to the complexities of
the interactions between climatic variables such as precipitation, temperature, and
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evaporation, and the hydrologic processes that control reservoir inflows [3]. In addition,
agricultural consumption, industrial consumption, and hydropower production make
reservoir operation more challenging [4].

Semi-distributed and physically based models have been used in the past to predict
inflows and outflows to manage reservoirs. These models such as the Hydrologic Engi-
neering Centre’s Hydrologic Modelling System (HEC-HMS) have however been used be-
cause they are able to capture certain physical processes in the catchment area [5][6]. But
they encounter challenges of being data-intensive, computationally expensive and requir-
ing precise calibration most of the time. Besides, the forecast accuracy of these models can
be weakened depending on the volume of data for calibration and nonlinear characteris-
tics of the catchment area triggered by climate change and changes in land use [7][8].

To overcome these challenges, data based models especially Artificial Neural Net-
work (ANN) models are increasingly used in hydrological forecasting because of their
capability of modelling non-linear relationships with less data demands [9][10]. ANN
models have been used in several studies to estimate inflow and streamflow, in addition
to using them to control reservoirs under different climates [11][12]. However, the perfor-
mance of the ANN models can be improved by carefully selecting the inputs and combin-
ing the hybrid modelling approach that incorporates physical and data-driven models
[13][14].

Based on these developments, the current research examines the application of ANN
models for predicting reservoir outflow at Khanpur Reservoir, Pakistan, in different cli-
matic conditions. This research utilizes daily data of five years to assess the efficiency of
various ANN architectures, including models with two hidden layers and different com-
binations of neurons in each layer, for estimating reservoir outflow and input variables,
seepage, maximum temperature, rainfall, live storage, evaporation, humidity and inflow.
According to the results of this study, the ANN models can forecast the highest level of
accuracy on the training set and validation set with the R? of 0.95 and 0.85, respectively
when the architecture of model is 20x20 (20 neurons in both layers). The results also show
that ANNSs can be used as a viable tool in reservoir management, especially in data scarce
areas. This research falls within the line of research that incorporate Al and hydrological
modelling, and provides a review on the application of ANN based approaches for real
time outflow forecasting in semi arid regions[15][16][17].

2. Study Area and Data

Khanpur Dam is constructed on the Khanpur channel and is located near the town
of Khanpur in the Rawalpindi district of Punjab, Pakistan at a geographical coordinate of
33°48'25” N latitude and 72°56"10” E longitude as depicted in Figure 1. The reservoir has
its catchment area at an altitude of 457 metres above the sea level and the gross storage
capacity of the reservoir is 1.58 MAF. The dam is important in providing water for water
for agriculture, domestic use and for control of floods in the neighboring areas.
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Figure 1. Location map of Khanpur dam 82
3. Methodology 83
3.1. Data Collection 84

The data used in this study was collected from the Khanpur Reservoir in Pakistan 85
which consist of daily data for 5 years. The dataset has seepage, maximum temperature, 86
rainfall, live storage, inflow as inputs and outflow as output for the climatic and hydro- 87
logical model. To ensure that the data was clean the outliers were removed from the data 88
set. Some observations that deviate from the rest were removed by observing the graphs 89
of the output variable (outflow) against the input variables. 90

Before feeding it to ANN, the independent variables were normalised in a way that 91
all the inputs are in the similar range as it is beneficial for the model. Any gaps in the data 92
were filled through interpolation methods to ensure the quality of the dataset is pre- 93
served. !

3.2. ANN Model in IMP 95

To design the artificial neural network model JMP was used to design and set up the 96
neural network. The structure of the ANN model and the number of neurons in the model, 97
input, hidden and output layer is depicted in the Figure 2. In this study, the ANN archi- 98
tecture consisted of two hidden layers, with neurons varying across five different config- 99
urations: 5x5, 10x10, 15x15, 20x20 and 25x25. The activation function used for both the 100
above layers was TanH that can easily address non linear relationships. The penalty 101
method used was squared which reduces large weight values and hence guard against 102
overfitting. 103

The performance of the training and validation of the model was assessed using R?, 104
RMSE and SSE. In order to cheque generalization abilities of the model, the holdback 105
value was set to 0.33, which means that 33% of the data was used for the validation and 106
67% for the model training. This approach can help assess the model on other data, thus 107
preventing overfitting and improving its accuracy. 108
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Figure 2. ANN Diagram Showing Inputs, Outputs, and Neurons 110
3.3. Model Evaluation and Performance Metrics 111

After that the model was evaluated on the test data set which has not been used dur- 112
ing the model training procedure. In order to evaluate the model predictiveness of the 113
outflow, the R? value for both training and validation groups was measured. The training 114
R? was 0.95 and validation R? was 0.85 which depicts that the current model is more ap- 115

propriate to the training data set and reasonable on the validation data set. 116
4. Results and Discussion 117
4.1. Model Performance 118

Several measures of performance were used to test the developed ANN model in 119
JMP. It was 0.95 for the training data set and 0.85 for the validation set, which testifies 120
high predictive power of the model. The findings of these analyses imply that the model 121
fits well on the training data and also has promising capability to perform well on other 122
data sets. 123

The RMSE and SSE for the training and validation data were also analysed to provide 124
support for the model. The low values of RMSE and SSE suggest that the proposed model 125
accurately predicts outflow values which will be useful in reservoir management. 126

4.2. Prediction Performance 127

In order to compare the ANN model’s accuracy, graphs of predicted vs observed 128
outflow were plotted. These graphs (Figure 3 (a), (b)) show how well the model fits the 129
outflow data across the whole data range. The actual and predicted outflow values also 130
had a near perfect positive correlation in that the points were clustered closely to the 45- 131
degree line proving that the model had high prediction precision. 132
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Figure 3. (a) Predicted vs Observed Outflow (training); (b) Predicted vs Observed Outflow (valida-

tion)

4.3. Outflow Residuals

Outflow residuals versus predicted outflow plot was created to look at the distribu-
tion of residuals (Figure 4 (a),(b)). The residuals are also on the average equal to zero and
there seems to be no systematic pattern to their distribution which means that the errors
made by the model are purely random. This is a positive signal that the model is not over-
fitting and is making an unbiased prediction.
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Figure 4. (a) Outflow Residuals vs. Predicted Outflow (training); Outflow Residuals vs. Predicted
Outflow (validation)

4.4. Model Performance and Evaluation

Through these models, the Artificial Neural Network (ANN) models were tested us-
ing the coefficient of determination (R?), Root Mean Squared Error (RMSE) and Sum of
Squared Errors (SSE) for the training and validation data set. From the results obtained, it
can be concluded that the performance of the model increases with increase in the number
of neurons in the hidden layers, and the 20 x 20 configuration offered the best results.
Especially, it was observed that the 20x20 network had the highest training R? (0.9504),
the lowest training RMSE (13.47) and SSE (221115.4) suggesting that this network provides
a very good fit to the training data. Also, the 20x20 network provided the highest gener-
alization capability as confirmed from the highest validation R? of 0.8543, the lowest vali-
dation RMSE of 24.06 and the lowest validation SSE of 352766.

Subsequent computations also showed that the output performance were increased
as the neurons increased from 5x5 to 20x20 but decreased in the 25x25 configuration.
While the 25x25 model yielded a slightly smaller training RMSE of 15.3989 and SSE of the
training data of 288582, the validation R? was insignificantly higher and the validation
RMSE was insignificantly lower than the 20x20 model, indicating that overly complex
models may overfit, to mean that while the model would approximate the training data
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very well, it poorly approximated the unseen Thus, the 20x20 is determined to be the most
appropriate network model because of its capability of capturing the training data and at
the same time possessing an excellent ability to generalise new patterns, and it is for this
reason that this configuration has been adopted in this study. The comparison is presented
in the Figure 5 (a), (b) and (c).
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Figure 5. Comparison of model performance of various cases (a) R?(b) RMSE and (c) SSE

Table 1 also presents the ANN performance of all the cases using training and vali-
dation R2, RMSE, and SSE..

Table 1. Comparison of R?, RMSE, and SSE for Training and Validation Datasets Across Different
ANN Configurations.

C(I?:flil;z:a- '.l"rain- \(alida- T:;tgn- V;I;:a- Training Validation
tion ing R? tion R? RMSE RMSE SSE SSE
5x5 0.7788 0.7009 28.6985  32.6596 1002329  649589.02
10x10 0.8259 0.7009 25.9407  32.6596  818944.1  649589.02
15x15 0.8567 0.7482 23.232 30.7995  656844.8  577702.19

20x20 0.9504 0.8543 13.4792  24.0677 2211154  352766.07
25x25 0.9378 0.8488 15.3989  23.5781 288582  338560.81

4.5. Interaction profiles, and model sensitivity

The sensitivity analysis through interaction profiles revealed that live storage is the
most significant predictor of reservoir outflow due to its high main effect (84410) and
comparatively low interaction with other variables (total effect: 9790). This underscores
the importance of accurately measuring and incorporating live storage in reservoir

160
161
162
163
164

165

166
167

168
169

170
171
172
173
174



Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management 7 of 8

management strategies. Moreover, inflow had moderate direct impact (0.097) and the 175
highest overall impact (0.423) revealing it as another most significant and sensitive pre- 176
dictor of outflow. Rainfall exhibited minimal direct influence with main effect: 0.029) but 177
significant interaction effects (total effect: 0.411) showing its moderate effects on outflow. 178
Total seepage and maximum temperature had small main effects: 0.021 and 0.038, respec- 179
tively, but their moderate total effects were 0.367 and 0.341, respectively, pointed to their 180
indirect significance. In contrast, evaporation and relative humidity exhibited very small 181
individual and combined impacts on outflow (main effect: 0 and 0.014; total effect: 29.03 182
and 0.129, respectively). Collectively, the results indicate that inflow and rainfall are the 183
most influential predictors because of their interaction effects, and that evaporation and 184
relative humidity have little influence on outflow. It is useful for fine-tuning current pre- 185
diction algorithms and for improving the strategies being employed to manage the reser- 186
voir. The findings of this research are consistent with other studies that have used ANN 187
for inflow and outflow prediction in reservoirs. Similarly, in the earlier research works, 188
the authors [3] and [5] used similar success rate of ANN for the inflow forecasting in other 189
reservoirs, thereby proving usefulness of this method in any climatic and hydrological 190
environment. 191

Nevertheless, unlike previous studies that discussed the effectiveness of ANN in 192
streamflow prediction under different situations [13], this study aims to investigate the 193
ANN models for daily outflow prediction of Khanpur Reservoir in detail and discuss 194
about its importance in real-time reservoir operation. These findings indicate that ANN 195
learnt appropriately when the right input variables were used in its development and that 196
optimum model tuning can make ANN a useful tool in reservoir management in semi- 197
arid areas as supported by the level of accuracy in the discharge estimation during differ- 198
ent climatic conditions. 199

5. Conclusion and Implications 200

The analysis of the results reported in this paper shows that the ANN model builtin 201
JMP can be used to predict the daily outflow of Khanpur Reservoir with sufficient level of 202
accuracy and the results can be helpful in decision making regarding reservoir manage- 203
ment. Due to the model’s capability to consider non-linear interactions between hydro- 204
logical and climatic factors, the model stands out as a valuable application in reservoir 205
management strategies, especially in semi-arid areas such as Pakistan. The results also 206
show that the appropriate choice of input parameters and further fine tuning of the model 207
can further improve the performance of the model. 208

The interaction profiles and the contour plots obtained from the sensitivity analysis 209
indicate that inflow and live storage are two of the most significant variables in the eval- 210
uation of the outflow while rainfall has the moderate significance level. The other varia- 211
bles has comparatively less significance in outflow prediction. Further studies should aim 212
at extending the model by adding other independent variables such as soil moisture or 213

seepage rates to increase the model performance and its reliability. 214
215
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