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Abstract

General Circulation Models (GCMs) are the primary tools for simulating climate change at the global scale,
but systematic biases in their outputs limit their ability to reproduce local climatic conditions. This study
aimed to correct temperature biases in CANESM2 model outputs using a Nonlinear AutoRegressive with
eXogenous inputs (NARX) neural network at Yazd Synoptic Station from 2006 to 2020. The proposed
NARX approach uses GCM-simulated temperatures as exogenous inputs and lagged observed temperatures
as autoregressive inputs. This allows the network to learn nonlinear relationships and temporal dependencies
between simulated and observed temperature series, improving systematic bias correction in climate model
outputs. Monthly GCM temperature outputs and corresponding observations were used to train the NARX
model. Its performance was evaluated using Mean Squared Error (MSE), Root Mean Squared Error (RMSE),
and Mean Absolute Error (MAE). Results showed that CANESM2 had considerable errors in reproducing
monthly temperatures at Yazd, with MSE, RMSE, and MAE values of 35.83, 5.99, and 5.45, respectively.
After NARX correction, these metrics fell to 5.21, 2.28, and 1.84, respectively, with MSE decreasing by
more than 85%. Error histograms and response plots indicated good generalization and no overfitting.
Monthly and seasonal analyses showed that NARX effectively corrected systematic biases in CANESM2
outputs, particularly during the cold season, and substantially reduced the dispersion of prediction errors.
Overall, NARX offers an effective framework for correcting biases in climate-model temperature outputs
and has considerable potential to improve climate data in arid regions such as central Iran.
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Extended Abstract

Introduction

Climate change is one of the most critical environmental challenges of the twenty-first century. Rising
greenhouse gas concentrations are driving long-term changes in temperature and precipitation and increasing
the frequency and intensity of extreme climate events (11). Even modest temperature increases can
substantially raise the likelihood of severe heatwaves (25), underscoring the need for reliable climate
projections to inform water resource management, agriculture, infrastructure planning, and climate
adaptation. Although Global Climate Models (GCMs) provide essential projections of future climate under
different emission scenarios, their coarse spatial resolution and systematic biases limit their usefulness at
local and regional scales (6). Statistical downscaling and bias-correction techniques are therefore essential
for producing climate information suited to local decision-making (9). These challenges are especially
significant in arid and semi-arid regions, where rising temperatures, declining precipitation, and recurrent
droughts have increased environmental and socioeconomic vulnerabilities (16, 17). Recent advances in
machine learning offer powerful tools for addressing the nonlinear characteristics of climate data and
improving GCM output accuracy. Among these methods, the Nonlinear Autoregressive Network with
Exogenous Inputs (NARX) has shown a strong ability to learn temporal dependencies and correct systematic
model errors (15, 28). Using NARX as a bias-correction framework therefore offers a promising way to
improve the reliability of local-scale temperature projections and support more effective climate adaptation
and resource management in vulnerable dry regions.

Materials and Methods

This study used long-term temperature observations from the Yazd synoptic station (Table 1). Daily
observations were quality-controlled and examined before being converted into monthly mean temperatures,
the target variable. Monthly mean temperatures from the CanESM2 climate model were used as the
exogenous input to the NARX network. The study period (1966-2020) was divided into a development
period (1966-2005), used to train the network, and an independent evaluation period (2006-2020), used to
assess its performance. Before entering the network, the input and target data were normalized to the range (-
1,1) using the mapminmax function (Equation 1). Normalization parameters were calculated using only the
development period (1966-2005) and then applied unchanged to the independent evaluation period (2006—
2020). Therefore, the evaluation data were not used to determine the normalization parameters. Systematic
biases in simulated temperatures were corrected using a Nonlinear Autoregressive Network with Exogenous
Inputs (NARX). The general form of the NARX model is given in equation 2, while the hidden-layer and
output relationships are calculated using equations 3 and 4, respectively.

During training, a Series-Parallel architecture was used because the observed target values were available. In
this configuration, the actual previous target values were fed back into the network. The NARX relationship,
input vector, and network output were defined by equations 5, 6, and 7, respectively (24). After training, the
network was converted to the Parallel configuration for independent prediction, with each predicted output fed
back as the input at the next time step. Thus, observed temperature values from the independent evaluation
period were not used as feedback during prediction. The GDX learning algorithm optimized the network
weights to reduce prediction error, and the weight-update procedure was defined by equations 8 and 9.

Model performance was evaluated using the mean squared error (MSE), root mean squared error (RMSE),
and mean absolute error (MAE), calculated using Equations 10 and 12, respectively. These error measures
for the NARX-corrected results were also compared with those for the raw CanESM2 outputs to assess the
reduction in systematic bias.

Results

This study assessed the ability of the CANESM2 global climate model and a Nonlinear Autoregressive
Network with Exogenous Inputs (NARX) to improve monthly mean temperature simulations at the Yazd
synoptic station in Iran. Long- term observations (1966—2020) showed a gradual warming trend, particularly
after 2000, while retaining the seasonal temperature cycle (Fig. 1a). Although raw CANESM2 simulations
reproduced the general seasonal variability in temperature during 19662005, they showed noticeable biases,
especially in cold seasons and during extreme temperature events, highlighting the need for systematic bias
correction (Figs. 1 b and 2). To address these shortcomings, a NARX neural network with 10 hidden neurons
was developed to learn the nonlinear relationship between observed and simulated temperatures (Fig. 3).
Training converged rapidly, within approximately ten epochs, and showed stable validation performance
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with no evidence of overfitting, indicating strong learning efficiency and generalization capability (Fig. 4 a).
Error histogram, regression, and response analyses further supported the model's robustness: error
distributions were centered around zero, predicted and observed values agreed closely, and predictive
performance was strong across the training, validation, and testing datasets (Figs. 4 b, 5, 6). Correlation
coefficients were 0.98, 0.97, 0.97, and 0.98 for the training, validation, testing, and overall datasets,
respectively (Fig 5). Prediction- error comparisons showed that NARX substantially reduced error magnitude
and variability relative to CANESM 2, yielding a more symmetric error distribution and minimizing
systematic temporal biases (Figs. 7a, 7 b). As a result, the corrected temperature series closely matched
observed monthly variability throughout 2006-2020 (Fig. 8). Quantitative evaluation confirmed substantial
improvement after bias correction: MSE decreased from 35. 35.83 to 5. 21, MAE from 5. 45 to 1. 84, and
RMSE from 5. 99 to 2. 28 (Table 2). Monthly and seasonal analyses also showed that NARX effectively
removed CANESM 2' s persistent positive bias across all months and seasons- particularly in winter and
spring- while substantially reducing error variability (Figs. 9 a, 9b). Overall, these findings demonstrate that
NARX- based bias correction offers a reliable and efficient framework for improving the local- scale
accuracy of GCM temperature projections, supporting more reliable climate change impact assessments and
adaptation planning in arid regions.

Discussion and Conclusions

The results show that the NARX neural network effectively corrects systematic biases in CANESM2
temperature simulations for the arid region of Yazd. Compared with the raw GCM outputs, the bias-
corrected series improved substantially across all statistical performance metrics, including RMSE, MAE,
and MSE; RMSE, for example, decreased from 35.83 to 5.49. The corrected data also agreed closely with
observed temperature records, with correlation coefficients above 0.98 and error distributions centered
around zero. Monthly and seasonal analyses further confirmed that the NARX model reduced CANESM?2’s
persistent warm bias, especially in winter and spring, while preserving seasonal temperature variability.
These results are consistent with previous studies showing the effectiveness of machine-learning approaches
in climate downscaling and bias correction (15, 28). They also align with recent investigations reporting that
advanced deep-learning models can substantially reduce systematic GCM biases while preserving the
temporal characteristics of climate variables (8, 14). The present results show that the relatively simple
NARX architecture can achieve comparable improvements in temperature bias correction with lower
computational complexity. Consequently, the proposed approach offers a practical way to generate high-
guality climate information to support drought assessment, water resource management, agricultural
planning, and climate adaptation strategies in vulnerable arid and semi-arid regions.

Keywords: Machine learning; General circulation models; Climate change; Time series.

Table 1. characteristics of the Yazd Synoptic Station
Establishment Year ~ County Elevation (m) Longitude  Latitude

1961 Yazd 1230 54°17' 56°53'
Xp=2 (%) -1 Equation (1)
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x: is the original value, x,: normalized value, Xmin and Xma: minimum and maximum reference values used for
normalization. f: Nonlinear function learned by the neural network, u(t): Exogenous input at time t, y(t): Actual target
variable at time t, yA(t): Predicted output at time t, ny: Number of output delays, n,: Number of input delays, wji:
Connection weight between input i and neuron j, bj: Neuron bias, zj: Weighted sum of inputs to neuron j, ¢p: Network
activation function, F: Function learned by the neural network, n: Learning rate, a: Momentum coefficient, E: Network
error, yi: Observed monthly mean temperature, x;: NARX bias-corrected monthly mean temperature, n: Number of
observations.
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Fig. 1. Monthly mean air temperature at the Yazd Synoptic Station, 1966-2020: (a) Simulated monthly mean

temperature at the station during the historical period (1966-2005), using the CANESM2 climate model; (b)

Table 2. Error metrics comparing observed and simulated monthly mean temperatures from the CANESM2 and
NARX bias-corrected models at Yazd synoptic station during the validation period (2006-2020).

RMSE MAE MSE
CANESM2 35.83 5.99 5.45
NARX 5.21 2.28 1.84
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Fig. 2. Comparison of observed and simulated monthly mean temperatures at Yazd synoptic station from the
CANESM?2 model during 2006-2020.
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Fig. 3. Structure of the NARX neural network used in this study.
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