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Attention-Enhanced Convolutional Neural Networks

DENG Yunhu,WANG Ting,CHEN Guowei,LIU Li

(School of Civil and Hydraulic Engineering,Hefei University of Technology,Hefei,Anhui 230009,China)

Abstract: [ Objective] Water supply forecasting is an effective measure to ensure rational scheduling and operational
efficiency in smart water systems.Aiming at the shortcomings of traditional Long Short-Term Memory (LSTM)
networks—namely insufficient perception of local features and unidirectional temporal modeling—in water demand
prediction,this study proposes an innovative hybrid prediction model based on CNN-BiLSTM-Attention. [ Methods] The
model first employs a Bidirectional Long Short-Term Memory (BiLSTM) network to construct a dual-channel temporal
analysis framework,which captures forward and backward dependencies in the water supply time series.Second,a
Convolutional Neural Network (CNN) module is introduced at the input layer to enhance the model's ability to extract
local patterns such as periodicity in the data.Finally,an attention mechanism is integrated at the output layer to
dynamically assign weights and strengthen the model's capability to represent abrupt changes in water demand during
holidays and other special events. [ Results] Experimental validation was conducted using water supply data from rural
and urban water plants in Anhui Province,and the proposed model was compared with the traditional LSTM model. The
empirical results demonstrate that:(1) Compared to the traditional LSTM,the CNN-BiLSTM-Attention model improves
forecasting accuracy by 55% (MAPE) on rural water plant data and by 41% (MAPE) on urban water plant data.(2) In
parameter sensitivity analysis,the model exhibited stable performance on urban datasets,with R? ranging from 0.88 to
0.97,RMSE between 3.56 and 8.34 m*h,MAE between 2.67 and 6.69 m3h,and MAPE consistently within 2.03% to
4.66%.Similar stability was observed for rural water plants. K Conclusion] The proposed composite prediction model not
only improves forecasting accuracy but also validates the effectiveness of feature fusion strategies.It provides a scalable
architecture reference for time series forecasting tasks in the domain of smart water management.
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