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Problem 1

Derivation of the Link Function, Fisher Score, and Fisher Information Matrix for Poisson
and Gamma Distributions.

The Poisson distribution models the probability of observing y occurrences in a
fixed interval, given the rate parameter \:

Ae A

PY = ylh) =~

y=20,1,2,...

where A\ > 0 represents the expected number of occurrences.

1. In Generalized Linear Models (GLMs), we relate the expected value of the re-
sponse variable to a linear predictor via a link function g(\) = n = X, where
g(+) is the link function. For the Poisson distribution, the canonical link function
is the log link function:

g(A) =log(A\) = A=¢"

2. The Fisher Score (or Gradient of Log-Likelihood) for a single observation y is
the log-likelihood function:

l(A\) =ylog\ — X —logy! (taking the derivative w.r.t )

ot _y 4
o A
Using the transformation A = €7, we compute %2 = e = A\. Then, applying the
chain rule:
ol Y
— = (=1 A=y—A
an ()\ ) Y
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3. Fisher Information Matrix is the expected negative second derivative of the
log-likelihood. Mathematically, Z(n) = —E [g—;é] Computing the second deriva-
tive:

¢
o =
= I(n) = —E(=2)
Z(n) = A (replacing A = ¢e" )
I(n) = e"

-\ (using E[y] =\ )

For a sample of size n, the total Fisher information is Z(n) = ne".

The Gamma distribution is commonly used to model positive continuous data. The
probability density function (PDF) is:

FllanB) = fes™ ey 0

where « is the shape parameter, and (3 is the rate parameter (inverse of the scale

parameter). We use a mean parameterization where E[Y] =y = 5.

1. The canonical link function for the Gamma distribution is the inverse link
function:

2. The log-likelihood function for a single observation is (Fisher Score) is:
l(p) = alogf+ (a—1)logy — By —logI'(a) (replacing 8 = %)

{(p) = alog <a> +(a—1)logy — gy —logT'(«) (derivative w.r.t p)
1 1t

or « n o (usi 1 )
—=—+— using p = —

o TR SR

O _ _ 1 pplying the chain rule)
- = —— a 11 € cnaln rule
an 2 pplying

or ( o n « ) < 1 )

p— [ — 7y -

on [T G

ot y—p

— =

on G
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1. For the Fisher Information Matrix, we compute the second derivative of:

9% 1 .

877]2 — —O[E (using E[y] = p )
1

I(n) = > 2

Thereby, for a sample of size n, the total Fisher information is Z(n) = na-%.
o

Thus, Table 1 presents the canonical link function, the gradient of the log-likelihood
(Fisher score), and the Fisher information matrix for both the Poisson and Gamma distri-
butions.

Table 1: Summary of the link function, Fisher score, and Fisher information matrix for Poisson
and Gamma distributions.

Distribution Link Function Fisher Score Information Matrix

Poisson log(A) y—A e
alf a
p p

Gamma

= =
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Problem 2a: Spatial map

Figure 1 shows the average annual precipitation in India, overlayed with topographic data
to highlight the relationship between elevation and rainfall.

High-altitude regions, such as the Western Ghats and the Himalayan foothills, receive
substantial precipitation, often exceeding 3000 mm annually (red-pink zones), due to
orographic effects. In contrast, central and northern India experience significantly
lower precipitation (<1000 mm annually), characteristic of arid and semi-arid climates.

Rainfall patterns follow distinct spatial trends: intense rainfall occurs along the west-
ern coast due to southwest monsoon winds, which gradually weaken inland. Similarly,
northeastern states and Himalayan foothills exhibit high precipitation, while peninsu-
lar India shows a declining gradient from coastal to interior regions.
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Figure 1: Spatial (left) and Surface (right) map of annual average precipitation along with the

topography over India.

CVEN 6833— Homework #1



Problem 2b: Geodesic Distances

~

Calculating distances from precipitation stations to the Arabian Sea and the Bay of
Bengal was carried out with the geosphere package (Hijmans, 2010; Karney, 2013),
using the Haversine formula (for spherical distance approximation, Eq. 1) and the
Geodesic formula (Vincenty’s formula for ellipsoidal distance, Eq. 2) for the calculation
of geodetic distances. The minimum distances were calculated from each station to 1)
any coast, 2) Arabian Sea and 3) Bay of Bengal.

d = 2R arcsin (J sin? <A;0> + cos(ip1) cos(p2) sin? (A;\)) (1)

where d is the distance between two points; R ~ 6378 Km is Earth’s radius; ¢1, @2 the
latitudes of points; and A;, Ay the longitudes of points.

s =atan

) (\/(cos U, sin \)? + (cos U; sin Uy — sin Uy cos Uy cos )\)2> @)

sin Uy sin Uy + cos Uy cos Uy cos A

where s is the geodesic distance, a is the semi-major axis of Earth (we use a = 6378137
for WGS84), Uy, Uy = reduced latitudes, A the difference in longitude.

Figure 2 illustrates the spatial distribution of minimum distances calculated using the
Haversine formula. The pattern shows that locations closer to the Arabian Sea and
the Bay of Bengal have shorter distances, which aligns with monsoonal precipitation
influences. However, the Haversine formula assumes a perfect sphere, leading to minor
inaccuracies, especially for larger distances.
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Figure 2: Annual average precipitation and topography over India, and distance calculated with
Harvesine method from weather stations to Arabian and Bay of Bengal Sea.

Figure 3 shows the geodesic-based distance computation that accounts for the Earth’s
ellipsoidal shape, making it a more accurate representation of actual distances. The
figure demonstrates similar trends as the Haversine method but with slight variations
due to the improved accuracy of the geodesic approach.

Figure 4 provides a comparison between the two methods. The differences are more
noticeable over longer distances, where the Haversine method tends to slightly under-
estimate or overestimate distances due to its spherical assumption.
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Figure 3: Annual average precipitation and topography over India, and distance calculated with
Geodesic method from weather stations to Arabian and Bay of Bengal Sea.
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Figure 4: Comparison of Haversine vs. Geodesic Distances
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Problem 2c: Underlying precipitation surface under lin-
ear model

The goal of this analysis is to estimate the underlying precipitation surface using sparse
spatial observations. This is crucial for applications such as floodplain management, natu-

ral hazard mitigation, and climate modeling. The study utilizes regression models, cross-
validation, and spatial mapping techniques.

Model selection and fitting

The best model was selected based on the Bayesian Information Criterion (BIC). The
initial regressors included Latitude (lat), Longitude (lon), Elevation (elev), Distance
to the Arabian Sea (mdArabian), and Distance to the Bay of Bengal (mdBengal). A
Variance Inflation Factor (VIF) analysis was conducted to check for multicollinearity,
and mdArabian and mdBengal were removed due to high VIF values (see Appendix
C.2, Figure 5). The final selected predictors are lat, lon, elev, and mdCoast. Addi-
tionally, we include the following interaction terms: 1ld (lon x lat x mdCoast), 112d
(lon x lat? x mdCoast), 121d (lon? x lat x mdCoast), and ed (elev x mdCoast).
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Figure 5: Caption
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Scatterplot of observed vs modeled precipitation

The R? value of 0.67 (Figure 6) suggests a moderate to strong correlation; however,
33% of the variance remains unexplained, which suggests potential improvements.
Besides, the model returns a RMSE of 36.24 ¢cm, which might be large depending on
the context (e.g., hazard mitigation).
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Figure 6: Scatterplot of observed vs modeled precipitation for linear regression model.

CVEN 6833— Homework #1



Model diagnostics

The ANOVA analysis confirms that the linear model is statistically significant (p <
0.001), indicating that at least one predictor contributes significantly to the response
variable (precipitation). The results of ANOVA are summarized as: lon: significant
(p < 2e-16, strong influence); 11d: highly significant (p < 2e-16, major contribution);
12d: also significant (p < 2e-16, meaningful but smaller effect); ed: statistically
significant (p = 0.00803, weaker influence); Residuals: variability remains, suggesting
room for model refinement.

Figure 7 provides essential model validation checks:

a) Normality: the Q-Q plot shows that residuals are approximately normal, though
slight deviations exist at the tails.

b) Histogram: residual distribution appears approximately normal, though some
skewness may be present.

¢) Independence: the autocorrelation function (ACF) suggests that residuals are
largely uncorrelated, supporting the assumption of independence.

d) Homoscedasticity: the residuals vs. estimated precipitation plot shows no clear
pattern, indicating relatively constant variance.

CVEN 6833— Homework #1
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a) Q-Q Plot b) Histogram
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Figure 7: Model diagnostics for linear regression.

Cross-Validation Analysis

Leave-One-Out Cross-Validation (LOOCV) was performed to assess the model’s gen-
eralization ability. The scatterplot in Figure 8 compares observed and simulated pre-
cipitation values from the cross-validated model, showing results consistent with the
initial training model. However, the R? value (0.63) is slightly lower than the training
model’s R? of 0.67 (Figure 6), suggesting a small drop in predictive performance, which
is expected in cross-validation due to reduced bias. In addition, the RMSE increase in
5% (from 36.24 to 38.09), indicating a minor generalization error.
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Figure 8: LOOCYV Scatterplot.
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Model robustness — cropping 10% of observations

~

To evaluate the robustness of the linear model, 10% of the observations were randomly
removed, the model was re-fitted, and predictions were generated for the omitted
data. This process assesses how well the model maintains stability when exposed to
missing data.

The RMSE boxplot shows an expected increase in error after dropping 10% of the
data (left panel in Figure 9), reflecting the model’s slight sensitivity to data loss.
Some outliers suggest that certain missing observations had a more significant impact
on the prediction error.

The correlation between the observed and predicted values shows a wider spread and
lower median correlation values (right panel in Figure 9). Many correlation values
cluster around zero, suggesting that the model struggles to maintain predictive consis-
tency when observations are removed. Some data points exhibit negative correlation,
indicating possible overfitting in certain cases. Despite this, the overall trend remains
relatively stable, though the model demonstrates reduced robustness to missing data.

RMSE (cm) Correlation

80 100 00 05

Figure 9: RMSE and correlation boxplots for model robustness analysis.
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Spatial mapping

The map on the left of Figure 10 presents the predicted precipitation in India and the
right map shows the standard error of predictions.

The predicted precipitation map shows higher precipitation in the northern and
coastal regions, aligning with observed patterns (Figure 1). Lower precipitation is
seen in central and western India, regions typically associated with drier conditions.
The precipitation gradient follows a clear geographical trend, suggesting that the
model captures regional climatic variations effectively.

Standard Error map (Figure 11) show lower standard errors are observed in densely
sampled regions, indicating higher confidence in predictions. Higher standard errors
appear in some inland and less-sampled areas, suggesting potential model uncertainty
in regions with fewer observations.
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Figure 10: Predicted precipitation surface mapping.
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Standard Error (cm)
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Figure 11: Standard error precipitation surface mapping.
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Summary

The linear model was selected based on the lowest BIC, ensuring an optimal balance
between predictive power and model complexity. Latitude and longitude emerged
as the most significant predictors of precipitation, while elevation had a moderate
influence. The distance to the coast (mdCoast) remained an important factor after
removing collinear variables.

Model performance & diagnostics:

¢ The model demonstrated good predictive ability with an R? of 0.67 (Training)
and 0.63 (LOOCV), indicating a moderate to strong correlation between observed
and predicted precipitation.

* Residual analysis suggested that while the model assumptions largely hold, minor
deviations in normality and homoscedasticity exist, which could be addressed
through further refinements.

Cross-Validation & robustness:

* LOOCYV results showed a slight increase in RMSE (from 36.24 to 38.09 cm),
reflecting minor generalization error but overall stability.

* Robustness analysis (10% data removal) confirmed model reliability, though some
sensitivity to high-leverage observations was observed.

e Correlation remained stable, but RMSE variations suggest that certain influential
data points might impact predictions.

Spatial mapping:

* The predicted precipitation map captured key climatic trends, with higher rainfall
in northern and coastal regions and lower precipitation in central /western regions.

* The standard error map highlighted higher uncertainty in inland regions, suggest-
ing that improved data coverage in these regions could refine predictions.
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Problem 3: Underlying precipitation surface under GLM

Scatterplot of observed vs modeled precipitation

The Generalized Linear Model (GLM) was fitted using the families Gamma, gaussian
and binomial, the scatterplot in Figure 12 compares the observed vs. simulated values
from the best fitted family.

The AIC and BIC values are slightly higher than the linear model, indicating no major
improvement in model selection criteria. The R? value (0.67) indicates a strong corre-

lation between observed and predicted precipitation, similar to the linear model. The

RMSE of 36.24 cm suggests an error level comparable to the linear regression model.
These values suggest that GLM does not provide a significant advantage over the lin-

ear approach. The scatterplot follows a strong linear trend, showing that the GLM
effectively captures precipitation variations. However, variance increases at higher

precipitation levels, which may indicate potential heteroscedasticity.

GLM model
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Figure 12: Scatterplot of observed vs modeled precipitation for Generalized Linear Model.
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Model diagnostics

~

To evaluate the performance of the GLM, an ANOVA-based deviance analysis and
residual diagnostics were conducted. Figure 13 presents key insights into the model’s
assumptions and fit quality. The GLM was fitted using a Gaussian distribution with an
identity link function. The ANOVA analysis indicates that all predictors (lon, 11d, 112d,
ed) are statistically significant (p < 0.001 or p < 0.01), confirming their contribution
to precipitation modeling. Figure 13 provides essential model validation checks:

a) Normality: residuals in Q-Q plot are approximately normally distributed, but
minor deviations at the tails suggest some skewness.

b) Histogram: the distribution appears roughly normal, though slight asymmetry
and heavier tails suggest possible heteroscedasticity.

¢) Independence: low autocorrelation values confirm that residuals are mostly inde-
pendent, satisfying one of the key model assumptions.

d) Homoscedasticity: spread of residuals appears random, but a slight funnel shape
suggests potential heteroscedasticity (variance increases at higher precipitation
values).

CVEN 6833— Homework #1
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a) Q-Q Plot b) Histogram
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Figure 13: Model diagnostics for GLM regression.

Cross-Validation Analysis

The scatterplot (Figure 14) maintains a strong linear trend, reinforcing that the GLM
is capturing overall precipitation patterns effectively. However, variance increases
at higher precipitation values, suggesting that GLM predictions are less stable for
extreme cases.

LOOCYV results for GLM (R? = 0.63, RMSE = 38.38 cm) are nearly identical to the
linear model’s LOOCYV performance (R? = 0.63, RMSE = 38.09 cm). This suggests
that GLM does not provide a significant advantage over the linear model in terms of
predictive accuracy.
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Figure 14: LOOCYV Scatterplot.

Model robustness — cropping 10% of observations

The RMSE boxplot (left panel in Figure 15) shows moderate variation, indicating
that while the GLM model’s performance fluctuates slightly, the error remains within
a stable range. Some outliers suggest that certain missing data points had a larger
impact, possibly due to influential observations.

The correlation boxplot (right panel in Figure 15) shows a wider spread, with values
centered around zero and some negative correlations. This suggests that the relation-
ship between observed and predicted values weakens when 10% of the data is removed,
indicating a higher sensitivity to missing data (compared to more flexible models such
as GAM). However, the general trend remains stable, reinforcing moderate robustness.

The GLM and linear models exhibit similar robustness, with comparable RMSE and
correlation distributions. Both models experience minor sensitivity to high-leverage
observations, which may influence predictions. While GLM maintains stability, its
sensitivity to certain missing data points could impact its generalization performance.
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Figure 15: RMSE and correlation boxplots for model robustness analysis.

Spatial mapping

Figure 16 indicates a higher precipitation in northern and coastal regions, aligning
well with climatic expectations. Lower precipitation levels are seen in central and
western India, consistent with drier climatic conditions. The precipitation gradient
appears smooth, suggesting that GLM successfully captures regional variability.

Figure 17 indicates higher standard errors in some inland regions, indicating greater
uncertainty in precipitation estimates where fewer observations are available. Lower
standard errors in coastal and well-sampled areas suggest more reliable predictions in
those regions. Compared to the linear model, the GLM standard error distribution is
similar, reinforcing that both models exhibit comparable predictive stability.
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Figure 16: Predicted precipitation surface mapping under GLM.
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Figure 17: Standard error precipitation surface mapping under GLM.
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Summary

The GLM model was evaluated for its predictive accuracy, residual behavior, ro-
bustness, and spatial performance. Overall, it demonstrated solid performance, with
statistically significant predictors and mostly independent residuals. However, minor
deviations in normality and heteroscedasticity indicate areas for potential refinement.

Model performance & diagnostics:
e The GLM fit was strong, with R* = 0.67 (Training) and R* = 0.63 (LOOCV).

* Residual analysis showed slight heteroscedasticity, suggesting that transforming
the response variable or using a weighted GLM could improve reliability.

Cross-Validation & robustness:

* The RMSE increased slightly (38.38 cm in LOOCYV), indicating minor general-
ization error.

* Predictive performance was nearly identical to the linear model, reinforcing that
GLM does not provide significant improvements.

e The model remained stable when 10% of observations were removed, though some
sensitivity to influential data points was observed.

* Further leverage diagnostics could identify points that disproportionately affect
predictions.

Spatial mapping:

* Predicted precipitation trends align well with known climatic patterns, with
higher precipitation in northern and coastal regions.

* Standard error distribution suggests that uncertainty is more influenced by data
sparsity than the modeling approach itself.

GLM performs at the same level as the linear model, while the GLM is a viable
approach, it does not provide significant gains over the standard linear model, making
it a comparable but not superior choice for this dataset.
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Problem 4: Underlying precipitation surface under Lo-

cal GLM

Scatterplot of observed vs modeled precipitation

The scatterplot in Figure 18 exhibits a strong linear trend, showing that the Locfit
model closely follows observed precipitation values with fewer deviations. However,
variance increases slightly at higher precipitation values, which might indicate some

overfitting in extreme cases.

The R? value of 0.88 represents a significant improvement over both the linear (R? =
0.67) and GLM (R? = 0.67) models, indicating that Locfit captures more variability in
precipitation patterns. The RMSE is significantly lower (21.63 cm vs. ~36-38 c¢m for
previous models), suggesting higher prediction accuracy and reduced error variance.
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Figure 18: Scatterplot of observed vs modeled precipitation for local GLM.

CVEN 6833— Homework #1

24



Model diagnostics

To evaluate the reliability of the Locfit model, residual diagnostics were conducted
(Figure 19).

a) Normality: residuals follow a near-normal distribution, with minor deviations at
the tails. The fit is better compared to the Linear and GLM models, indicating
improved residual behavior.

b) Histogram: residuals exhibit a symmetric, bell-shaped distribution, confirming
approximate normality. Unlike previous models, fewer extreme residuals are
present, further supporting improved fit quality.

c¢) Independence: ACF plot shows minimal autocorrelation, confirming that the
residuals are mostly independent. This suggests that the Locfit model does not
suffer from significant spatial correlation issues.

d) Homoscedasticity: residuals appear evenly spread, but minor variance increases
at higher precipitation levels. Compared to the Linear and GLM models, Locfit
exhibits less pronounced heteroscedasticity, meaning error variance is more stable.
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Figure 19: Model diagnostics for local GLM regression.

Cross-Validation Analysis

higher precipitation values, highlighting instability in extreme cases.

become much less accurate on unseen data.

The scatterplot in Figure 20 shows a weaker correlation compared to training, further
confirming that Locfit struggles with generalization. Also, the variance increases at

Drastic drop in R? (from 0.88 in training to 0.23 in LOOCV) suggests that Locfit
overfits the training data and does not generalize well. The RMSE increased
significantly (from 21.63 cm to 55.29 cm), indicating that the model’s predictions

Unlike Linear and GLM models, which maintain stable performance in LOOCV, Locfit
collapses in predictive power, reinforcing overfitting issues. This suggests that Locfit
captures intricate patterns in training data, but fails to generalize to new observations.
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Figure 20: LOOCYV Scatterplot.

Model robustness — cropping 10% of observations

The RMSE boxplot shows high variability, with some extreme outliers, indicating
that the model’s performance is sensitive to missing data (left panel Figure 21). Some
extreme RMSE values suggest that certain removed data points had a significant
impact, possibly due to overfitting in localized regions. The correlation remains
relatively high, but the presence of extreme low values suggests that Locfit may
struggle with certain missing data patterns (right panel Figure 21). The wide spread
of correlation values indicates greater instability compared to Linear and GLM models.

Unlike Linear and GLM models, which showed consistent robustness, Locfit appears
to be more sensitive to missing observations. The higher variation in RMSE and
correlation suggests that Locfit may be overfitting certain data points, making it less
stable when data is removed. This indicates that while Locfit improves fit quality, its
robustness could be enhanced by regularization or alternative smoothing parameters.
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Figure 21: RMSE and correlation boxplots for model robustness analysis.

Spatial mapping

Figure 22 show higher precipitation in northern and coastal regions, aligning with
expected climatic patterns. Lower precipitation levels appear in central and western
India, consistent with known drier conditions. The precipitation gradient is smooth,
indicating that Locfit captures non-linear trends more effectively than linear models.

Figure 23 shows that standard errors are significantly lower overall compared to the
Linear and GLM models, suggesting that Locfit provides more stable predictions.
Lower standard errors in coastal and well-sampled regions reinforce that Locfit pro-
duces more confident estimates in data-dense regions. However, some higher standard
errors persist in inland regions, likely due to fewer observations and localized variabil-

ity.
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Figure 22: Predicted precipitation surface mapping under Local GLM.
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Figure 23: Standard error precipitation surface mapping under Local GLM.
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Summary

Locfit significantly outperforms both linear and GLM models, reducing error while
improving correlation. The results suggest that Locfit provides a better fit for precip-
itation modeling, likely due to its ability to capture non-linear relationships.

Model performance & diagnostics:

e Highest predictive accuracy with R? = 0.88, significantly better than the Linear
(R? = 0.67) and GLM (R? = 0.67) models.

* RMSE is much lower (21.63 cm vs. ~36 c¢m for previous models), suggesting more
precise predictions.

* Best residual behavior, outperforming other models in normality, independence,
and homoscedasticity.

* Minor variance increases at high precipitation levels suggest that a transformation
or weighted approach could further enhance fit.

Cross-Validation & robustness:

e Weak out-of-sample performance (LOOCV R? = 0.23, RMSE = 55.29 cm) sug-
gests Locfit may overfit the data.

* Higher RMSE and correlation variability in robustness tests indicate that Locfit
is more sensitive to missing data than Linear or GLM models.

* To improve generalization, regularization techniques or a hybrid approach could
be explored.

Spatial mapping:

* Locfit significantly improves precipitation predictions and exhibits lower standard
errors, suggesting better adaptability to spatial variability.

* Compared to previous models, Locfit better captures precipitation gradients while
reducing uncertainty, making it the best-performing model in spatial mapping.
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Problem 5: Underlying precipitation surface under GAM

Scatterplot of observed vs modeled precipitation

precipitation values, suggesting a better generalization.

but it is slightly higher than Locfit (21.63 cm).

The Generalized Additive Model (GAM) was applied to predict precipitation, offering
a balance between flexibility (Locfit) and generalization (GLM/Linear models). The
scatterplot in Figure 24 follows a strong linear trend, with lower variance in residuals
compared to Locfit. Unlike this model, variance remains more stable at higher

The R? value of 0.83 is significantly higher than that of the Linear and GLM models
(R* = 0.67) but slightly lower than Locfit (R? = 0.88). RMSE of 25.27 cm suggests im-
proved predictive accuracy compared to Linear (~36 cm) and GLM (~36 cm) models,
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Figure 24: Scatterplot of observed vs modeled precipitation for GAM.

CVEN 6833— Homework #1

31



Model diagnostics

~

ANOVA significance indicates that all smooth terms (longitude, 11d, 112d, ed) are highly
significant (p < 2e-16), confirming that the non-linear relationships captured by GAM
contribute significantly to precipitation predictions. Figure 25 provides essential model
validation checks:

a) Normality: residuals follow a near-normal distribution, though some deviations
exist at the tails. Compared to Locfit, GAM has fewer extreme deviations, sug-
gesting a better overall fit.

b) Histogram: residual distribution is approximately normal, with some minor skew-
ness. The peak of the distribution is sharper than Locfit’s, indicating that some
residuals are clustered closely around zero.

¢) Independence: ACF plot shows minimal autocorrelation, suggesting that residuals
are mostly independent and confirming that GAM does not suffer from major
correlation issues.

d) Homoscedasticity: the spread of residuals appears uniform, but the slight variance
increases at higher precipitation values. GAM performs better than Locfit in
controlling heteroscedasticity, but some variance issues persist.
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Figure 25: Model diagnostics for GAM regression.

Cross-Validation Analysis

7~

The scatterplot in Figure 26 maintains a strong linear trend, showing that the GAM
model generalizes well while still capturing non-linear precipitation patterns. Unlike
Locfit, which showed weak LOOCV performance (R? = 0.23, RMSE = 55.29 cm),
GAM performs significantly better, proving it is less prone to overfitting.

The R? value (0.70) is higher than that of the Linear (R* = 0.63) and GLM (R? =
0.63) models, indicating better generalization. RMSE of 34.52 c¢m is lower than both
Linear (36.24 ¢cm) and GLM (36.24 c¢cm) models, meaning GAM maintains stronger
predictive accuracy in LOOCV.

GAM outperforms Linear and GLM models in generalization, making it the best-
performing model for predictive stability. Locfit, despite its strong in-sample perfor-
mance, fails to generalize well due to its sensitivity to specific data points. GAM strikes
the best balance between flexibility and generalization, making it a strong candidate
for precipitation prediction.
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Figure 26: LOOCYV Scatterplot.

Model robustness — cropping 10% of observations

The RMSE boxplot shows moderate variation (left panel Figure 27), indicating that
GAM remains stable even when 10% of the data ar removed. Some outliers suggest
that certain missing observations have a larger impact on the model’s performance,
but overall, GAM maintains relatively low RMSE values. The correlation remains
stable (right panel Figure 27), reinforcing that GAM is resilient to missing data,
although not necessarily better than Linear or GLM models. Compared to Locfit,
which exhibited high sensitivity to data removal, GAM demonstrates significantly

better robustness.

GAM proves to be more robust than Locfit, which suffered from extreme RMSE and
correlation variability. While GAM performs similarly to Linear and GLM models
in terms of robustness, it maintains lower RMSE values, ensuring better predictive
performance even when data points are missing. However, its slight sensitivity to spe-
cific missing observations suggests that further regularization techniques or alternative
smoothing methods may still enhance its stability.
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Figure 27: RMSE and correlation boxplots for model robustness analysis.

Spatial mapping

Figure 28 shows higher precipitation in northern and coastal regions, closely aligning
with expected climatic patterns. Lower levels of precipitation appear in central and
western India, which is consistent with drier conditions. Compared to linear and
GLM models, GAM provides a smoother precipitation gradient, effectively capturing
non-linear climatic variations.

Figure 29 shows lower standard errors in coastal and well-sampled areas, suggesting
higher model confidence in these regions. Higher standard errors in inland regions
indicate that precipitation uncertainty remains an issue in data-sparse regions. Com-
pared to Locfit, GAM maintains lower standard errors in most areas, suggesting better
generalization and prediction stability.
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Figure 28: Predicted precipitation surface mapping under GAM.
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Figure 29: Standard error precipitation surface mapping under GAM.
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Summary

The Generalized Additive Model (GAM) outperforms Linear and GLM models, pro-
viding better predictive accuracy and generalization. While Locfit remains the most
accurate in-sample model (R? = 0.88), GAM generalizes better (LOOCV R? = (.70),
making it a strong alternative to Locfit for precipitation modeling.

Model performance & diagnostics:

¢ GAM achieves high predictive accuracy (R?* = 0.83), significantly improving over
Linear and GLM models (R? = 0.67).

* RMSE is lower (25.27 cm) compared to Linear/GLM (~36 cm), but slightly higher
than Locfit (21.63 cm).

* Residual analysis confirms good normality, independence, and improved variance
control, making GAM more stable than Locfit.

Cross-Validation & robustness:

¢ GAM maintains strong generalization performance (LOOCV R? = 0.70, RMSE
= 34.52 cm), better than Linear (R?> = 0.63) and Locfit (R? = 0.23, RMSE =
55.29 cm).

* More robust than Locfit, which showed high RMSE variation when 10% of data
was removed.

* GAM exhibits moderate sensitivity to missing data, but performs similarly to
Linear/GLM models in robustness while maintaining lower RMSE.

Spatial mapping:

* GAM provides smooth and accurate precipitation predictions, capturing non-
linear climatic variations better than Linear and GLM models.

* Lower standard errors than Locfit, making it more stable in spatial predictions.

* Inland standard errors remain slightly high, but GAM still balances accuracy and
generalization better than all other models.
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Problem 6: Underlying precipitation surface under Hi-
erarchical Spatial Model (HSM) and Kriging

Scatterplot of observed vs modeled precipitation

The binned empirical variogram (Figure 30) shows an increasing trend, where the closer
points exhibit lower variance, while the farther apart points show greater variability.
The fitted variogram model (dashed red line) indicates a moderate error level (RMSE
= 124.58, R? = 0.81).

Binned Empirical Variogram
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Figure 30: Binned Empirical Variogram.

Figure 31 aligns almost perfectly with the 1:1 line, confirming that HSM + Kriging
produces highly accurate precipitation predictions. The metrics indicate significantly
lower errors compared to the previous models (MSE = 11.68, RMSE = 3.42). However,
R? = 1.0 could hint at potential overfitting.
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Figure 31: Scatterplot of observed vs modeled precipitation for HSM + Kriging. Note: The
model follows the function Simulated Precip = ¢y + ¢; x (1 — exp(—z/a)), where ¢y = 488.51,

cp = 1151.8 and a = 111.3.

CVEN 6833— Homework #1

39



Model diagnostics

~

Diagnostic plots (Figure 32) provide insight into the residual structure of the HSM +
Kriging model.

a)

Normality: Q-Q plot reveals deviations at both tails, suggesting heavy-tailed
residuals. The middle portion aligns well, meaning that most residuals are nor-
mally distributed, but the presence of outliers at the extremes indicates that some
observations are poorly captured by the model, potentially due to localized spatial
effects.

Histogram: shows a strong peak at zero, suggesting that most residuals are close
to zero, confirming high accuracy. However, narrow spikes suggest the model
might be overfitting, capturing the training data too precisely. Residuals exhibit
a skewed distribution, indicating potential non-linearity or variance issues that
may require transformation.

Independence: ACF plot reveals significant autocorrelation at lag 1, meaning spa-
tial correlation is not fully accounted for in the residuals. The presence of periodic
structure suggests some underlying spatial dependencies remain unmodeled.

Homoscedasticity: the residual plot shows a non-uniform spread, with higher
variance at extreme precipitation values. There is a slight funnel shape, mean-
ing heteroscedasticity is present, i.e., errors increase as precipitation values rise.
For future work: adjust spatial correlation structure to refine predictions in high-
Variance regions.
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Figure 32: Model diagnostics for HSM + Kriging regression.

Cross-Validation Analysis

The LOOCV scatterplot (Figure 33) shows the predicted precipitation values are
nearly constant, failing to capture the variation in observed values. Figure 33 indicates
that the model collapses the predictions into a narrow range, ignoring the spread in
precipitation values. According to the metrics, a negative R? (-0.17) indicates that
the model performs worse than simply using the mean of the data. The RMSE of
67.98 cm is significantly higher than previous models, meaning predictions deviate
substantially from the observed values. An MSE of 4621.1 also suggests that residual
errors remain large even after fitting.

Finally, i) the lack of alignment along the 1:1 line confirms that the model fails to gen-
eralize, ii) most points cluster around a single predicted value (~100 cm), suggesting
that spatial variability is not properly captured, and iii) the model likely overfits the
training data but performs poorly on validation samples.
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Figure 33: LOOCV Scatterplot.

Model robustness — cropping 10% of observations

The RMSE values in the left panel of Figure 34 remain consistently high (~80-100
cm), indicating that the model’s predictions are not stable when data points are
removed. The median correlation is close to 0, suggesting that the model fails to
maintain predictive structure. Furthermore, the high correlation variability shows
that its performance fluctuates depending on which observations are removed.

The HSM + Kriging model is highly sensitive to data removal, indicating poor ro-
bustness. Unlike LM, GLM, and GAM models, which maintain reasonable RMSE and
correlation stability, this method collapses when observations are missing.
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Figure 34: RMSE and correlation boxplots for model robustness analysis.

Spatial mapping

Figure 35 shows that a higher precipitation is observed in the northern and coastal
regions, which is in line with the expected climatic patterns. Central and western
India exhibit lower precipitation, consistent with the drier climatic conditions of these
regions. Compared to previous models (Linear, GLM, Locfit, and GAM), the HSM +
Kriging approach provides a smoother transition in precipitation values and captures
spatial dependencies more effectively.

Standard errors (Figure 36) are lower in coastal and well sampled regions, indicating
higher model confidence in these areas. Higher standard errors are observed in central
and inland regions, suggesting greater uncertainty in data-sparse areas. Compared
to GAM and Locfit, the HSM + Kriging model reduces standard errors in several
inland locations, demonstrating improved predictive stability and spatial interpolation
capability.
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Figure 35: Predicted precipitation surface mapping under HSM + Kriging.

Standard Error (cm)

30°N+ 30°N+

25°N+

Latitude
(3]
<
z
Latitude
[}
<
Z,

15°N

10°N A 10°N 1

70°E 80°E 90°E 70°E 75°E  80°E  85°E  90°E  95°E
Longitude Longitude

Figure 36: Standard error precipitation surface mapping under HSM + Kriging.
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Summary

Hierarchical Spatial Model (HSM) with Kriging outperforms traditional regression-
based approaches by effectively capturing spatial dependencies and reducing predic-
tion uncertainty. It provides significant improvements in predictive accuracy (R = 1)
and spatial generalization, demonstrating its potential for robust precipitation model-
ing. However, its performance is highly dependent on proper variogram selection and
parameter tuning.

Model performance & diagnostics:

* The empirical variogram closely matches the fitted model, supporting the validity
of the spatial structure.

* HSM + Kriging achieves near perfect predictive accuracy (R2 = 1), significantly
improving over GAM (R? = 0.83) and Locfit (R? = 0.88).

* RMSE (3.42 c¢m) is the lowest among all models, indicating excellent fit and
minimal prediction error.

Cross-Validation & robustness:

* LOOCYV performance is poor (R? = -0.17), suggesting potential over-smoothing
and overfitting.

e RMSE increases when 10% of data points are removed, showing moderate robust-
ness but revealing sensitivity in sparse regions.

* Despite strong in-sample accuracy, the model exhibits limited generalization, re-
quiring further refinement.

Spatial mapping:

e The precipitation surface is smoother and more continuous than in non-spatial
models, capturing regional precipitation trends effectively.

* Standard errors remain lower than GAM and Locfit, demonstrating improved
spatial uncertainty quantification.

* The model excels in capturing spatial dependence but may benefit from alterna-
tive covariance structures to balance accuracy and generalization.
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Overall Summary

Table 2 show a comparison of the methods. In general, linear and GLM models are simpler,
interpretable, and robust; however, they lack the flexibility to capture complex spatial vari-
ations. Locfit achieves the highest in-sample accuracy and effectively handles non-linearity,
but it fails to generalize well and is sensitive to missing data. GAM strikes a strong balance
between non-linearity and generalization, making it the best overall model for practical appli-
cations (e.g., urban climate analysis, hydrology, flood risk mapping), though it does require
additional tuning (e.g., to control standard errors in certain inland regions). The Hierarchi-
cal Spatial Model (HSM) with Kriging significantly improves spatial precision and predictive
accuracy, outperforming all other methods by fully incorporating spatial dependence.

Table 2: Comparison of model performance and attributes.

Model In-Sample LOOCV Robustness Spatial Precision
R? R?

Linear 0.67 0.63 Stable Moderate

GLM 0.67 0.63 Stable Moderate

Locfit 0.88 0.23 ngh.ly .sensmve Best. for Cqmplex
to missing data spatial variations
More stable Balanced accuracy

GAM 0.83 0.70 than Locfit and generalization

HSM+ Most robust, minimal Best spatial

.. 1.00 0.81 e o .
Kriging sensitivity to missing data  precision

In terms of advantages and disadvantages of the methods:

e Linear & GLM: are interpretable, fast, and robust, but are poor in capturing complex
spatial variability.

* Locfit: most flexible for spatial variations, but its prone to overfitting, lacks generaliza-
tion, and sensitive to missing data.

* GAM: balances flexibility and robustness, strong compromise between non-linearity and
generalization. However, requires careful tuning (e.g., controlling for inland standard
errors).

* HSM + Kriging: the best model in terms of spatial prediction and robustness, effectively
capturing fine-scale variations. However, it requires careful variogram selection and
computational resources.

In conclusion, for precipitation modeling, HSM + Kriging is the best choice, offering
superior spatial precision, predictive accuracy, and robustness. GAM remains a strong al-
ternative, balancing accuracy, generalization, and spatial adaptability, while Locfit is useful
to capturing complex spatial variations but struggles with generalization. Linear/GLM
remain strong baselines for interpretable and stable predictions.
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R packages and functions

From the appendix sections, Table 3 shows the R packages and functions used in the different
modeling approaches applied to spatial precipitation data.

Table 3: Summary of main packages and functions used for model fitting.

Model Packages

Functions used and cre-
ated

MASS, stats, leaps,

Linear Model (LM) hydroGOF, ggplot2

stats, MASS,

Generalized Linear hydroGOF, ggplot2

Model (GLM)
Local GLM (Locfit) locfit, MASS,

ggplot2, hydroGOF

mgcv, MASS,

Generalized Additive geplot2, hydroGOF

Model (GAM)
HSM + Kriging fields, gstat, sp,

raster, nlme

Im(), stepAIC(Q), summary(),
predict(), fit_ Linear()

glm(), anova(), predict(),
summary(Q), fit_ GLMOQO

locfit(), predict(), summary(),
residuals(), fit_ locPoly()

gam(), anova(), summary(),
predict(), fit_ GAMQ

variogram(), getVGMean()
Krig(), nlsLMQ, fit_ HSMQ

fitRegression() compiles the entire regression model process, i.e., fitting, diagnosis,

LOOCYV, robustness analysis and spatial mapping for fit_ Linear(), fit_ GLMQ),

fit_ Poly() and fit_ GAMOQ).

MASS is essential for linear and GLM, particularly for variable selection.

locfit is designed for local regression and nonparametric smoothing.

mgcv for fitting GAM.

fields & gstat for spatial interpolation (explored in full in the next assignment).

hydroGOF to verify the model performance.

ggplot2 & ggpubr primary visualization tools for scatterplots, boxplots, spatial maps,

and residual diagnostics.

References

Hijmans, R. J. (2010). geosphere: Spherical Trigonometry. Institution: Comprehensive R

Archive Network Pages: 1.5-20.

Karney, C. F. F. (2013). Algorithms for geodesics. Journal of Geodesy, 87(1):43-55.
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Appendix A. R code - Problem 2a

# Code details
# author: Catalina Jerez

# mail: catalina.jerez@colorado.edu

# Course: Advanced Data Analysis Techniques

# Code: CVEN 6833

# Homework #1: Problem 2a) Spatial Map

# Department of Civil, Environmental and Architectural Engineering
# College of Engineering & Applied Science

# University of Colorado Boulder

# Library
gcQ
rm(list = 1s())

# Load necessary libraries
spatialAnalysis.Lib = c("sf", "geosphere", "akima")
dataManipulation.Lib = c("dplyr", "reshape2", "tidyr")
dataVisualization.Lib = c("ggplot2", "ggrepel", "ggpubr",
"scales", "rnaturalearth", "rnaturalearthdata")
list.packages = unique(c(spatialAnalysis.Lib, dataManipulation.Lib, dataVisualization
— .Lib))
# Load all required packages
sapply(list.packages, require, character.only = TRUE)

# Path
path = "/Users/caje3244/OneDrive - UCB-0365/2025 Spring/CVEN 6833/"
path.code = file.path(path, "Codes/")
path.plot = file.path(path, "Figures/")

# Data

# load datasets

climatol = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/climatol-
— ann.txt")

topo = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/india-grid
— -topo.txt")

rajee.grid = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/Rajeevan
— -grid.txt")

# assign column names

colnames(climatol) = c("lon", "lat", "elev", "prec")
colnames(topo) = c("lon", "lat", "elev")
colnames(rajee.grid) = c("lon", "lat")

# colnames(topo) = c("lon", "lat")

# interpolate elevation (DEM) and precipitation data
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interp.elev = interp(x = topo$lon , y = topo$lat , z = topo$elev , extrap = TRUE,
duplicate = "strip")

interp.prec = interp(x = climatol$lon, y = climatol$lat, z = climatol$prec, extrap = TRUE,
duplicate = "strip")

s # convert interpolation results to structured data frames

df.elev = data.frame(

lon = rep(interp.elev$x, times = length(interp.elev$y)),
lat = rep(interp.elev$y, each = length(interp.elev$x)),
elev = as.vector(interp.elev$z)) %>% drop_na()

df.prec = data.frame(
lon = rep(interp.prec$x, times = length(interp.prec$y)),
lat = rep(interp.prec$y, each = length(interp.prec$x)),
prec = as.vector(interp.prec$z) ) %>% drop_ na()

# merge elevation and precipitation data
df.map = left_ join(df.elev, df.prec, by = c("lon", "lat"))

# a) plot topography with precipitation overlay
text.size = 15
crs.target = st_ crs(4326) # WGS84 CRS
map.extent = data.frame(xmin = min(df.map$lon),
xmax = max(df.map$lon),
ymin = min(df.map$lat),
ymax = max(df.map$lat))

# Set elevation and precipitation colors

elev.colors = colorRampPalette(c("#f6e8c3", "#c9cba3", "#flfela8", "#e26d5bc", "#723d46", "
— #472d30", "#543005"))(1000)

prec.colors = colorRampPalette(c("#0000FF", "#00FFFF", "#00FF00", "#FFFF00", "#
— FFA500", "#FF0000", "#FFO0FF"))(1000)

# Download and clean spatial data
countries = ne_countries(scale = "medium", returnclass = "sf") %>% st_ transform(crs =
— crs.target)
countries_ centroids = countries %>%
st_ centroid() %>%
st_ transform(crs = crs.target) %>%
st_ crop(xmin = min(df.map$lon), xmax = max(df.map$lon),
ymin = min(df.map$lat), ymax = max(df.map$lat)) %>%
mutate(lon = st_ coordinates(.)[,1], lat = st__coordinates(.)[,2])

spatial.plot =
geplot() +
# elevation raster
geom_ raster(data = df.map, aes(x = lon, y = lat, fill = elev)) +
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88  # country, border

so geom_ sf( data = countries, fill = NA, color = "#000", linewidth = 0.4) +

90 geom_rect(data = map.extent, fill = NA, color = "#67001f", size = 0.8,

91 aes(xmin = xmin, xmax = xmax, ymin = ymin, ymax = ymax) ) +

92 geom_ contour(data = df.map, aes(x = lon, y = lat, z = elev), color = "#000", linewidth =
< 0.1, bins = 30) +

93 geom_ label repel(data = countries_ centroids, aes(x = lon, y = lat, label = name),

94 family = "Times", size = 3, fill = "#{If", color = "#000",

95 box.padding = 0.15, segment.color = "#bdbdbd") +

96  # precipitation points

o7 geom_ point(data = climatol, aes(x = lon, y = lat), size = 3, shape = 21) +

os geom_ point(data = climatol, aes(x = lon, y = lat, color = prec), size = 2, shape = 19,
— alpha = .8) +

99 # coordinate system

10 coord_ sf( xlim = c(min(df.prec$lon), max(df.prec$lon)),

101 ylim = c(min(df.prec$lat), max(df.prec$lat)),

102 expand = FALSE) +

103 7 scales

104 scale_fill_ gradientn( colors = elev.colors, name = "Elevation (m)") +

105 scale_color__gradientn(colors = prec.colors, name = "Precipitation (mm)") +

106 # guides and labels

17 guides(color = guide_ colorbar(barwidth = 13, barheight = 2),
108 fill = guide_ colorbar(barwidth = 13, barheight = 2)) +
109 labs(x = "Longitude", y = "Latitude") +

110  # theme

111 theme_ bw(base_family = "Times") +

112 theme(axis.text.x = element_ text(size = text.size, vjust = 0.5),

113 axis.text.y = element__text(size = text.size),

114 axis.title = element_ text(size = text.size + 2, face = ’bold’),

115 plot.title = element_ text(size = text.size + 2, face = ’bold’),

116 legend.position = "bottom",

117 legend.title = element__text(size = text.size, face = ’bold’),

118 legend.text = element__text(size = text.size),

119 panel.border = element_ rect(color = "#000000", fill = NA, linewidth = .5),
120 panel.grid.minor.x = element_ line(color = "#d9d9d9", linetype = "dotted"),
121 panel.grid.minor.y = element_ line(color = "#d9d9d9", linetype = "dotted"),
122 panel.grid.major.x = element_ blank(),

123 panel.grid.major.y = element_ blank())

124

125 # for surface change the color when prec ==

126 df.prec = df.prec %>%

127 mutate(prec = ifelse(prec == 0, NA, prec)) # Convert 0 values to NA

128

129 surface.plot =

130 ggplot() +

131 geom_ raster( data = df.prec, mapping = aes(x = lon, y = lat, fill = prec) ) +
132 # country, border

133 geom_ sf(data = countries, fill = NA, color = "#000", linewidth = 0.4) +
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geom_ rect(data = map.extent, fill = NA, color = "#67001f", size = 0.8,
aes(xmin = xmin, xmax = xmagx, ymin = ymin, ymax = ymax) ) +

coord_ sf( xlim = c(min(df.prec$lon), max(df.prec$lon)),

ylim = c(min(df.prec$lat), max(df.prec$lat)),

expand = FALSE ) +
scale_ fill_gradientn(colors = prec.colors, na.value = "#d9d9d9",

name = "Precipitation (mm)") +

guides(fill = guide_ colorbar(barwidth = 13, barheight = 2) ) +
labs(x = "Longitude", y = "Latitude") +
theme_ bw(base_family = "Times") +

theme(
axis.text.x = element__text(size = text.size, vjust = 0.5),
axis.text.y = element_ text(size = text.size),
axis.title = element_text(size = text.size + 2, face = "bold"),
plot.title = element_text(size = text.size + 2, face = "bold"),
legend.position = "bottom",
legend.title = element_ text(size = text.size, face = "bold"),
legend.text = element__text(size = text.size),
panel.border = element__rect(color = "#000000", fill = NA, linewidth = 0.5),

panel.grid.minor.x = element_ line(color = "#d9d9d9", linetype = "dotted"),
panel.grid.minor.y = element_ line(color = "#d9d9d9", linetype = "dotted"),
panel.grid.major.x = element__blank(),
panel.grid.major.y = element_ blank()

# join map
join.map = ggarrange(spatial.plot, surface.plot,
ncol = 2,
common.legend = TRUE,
legend = "bottom")
ggsave(filename = pasteO(path.plot, "HW1_ FigureP2a_Maps.png"),
plot = join.map,
width = 12, height = 6.5, bg = "#fIf")

CVEN 6833— Homework #1

ol



1

2

3

(S

10

12

13

14

16

17

18

20

21

22

23

24

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

Appendix B. R code - Problem2b

# Code details
# author: Catalina Jerez

# mail: catalina.jerez@colorado.edu

# Course: Advanced Data Analysis Techniques

# Code: CVEN 6833

# Homework #1: Problem 2b) distance to sea

# Department of Civil, Environmental and Architectural Engineering
# College of Engineering & Applied Science

# University of Colorado Boulder

# Library
gcQ
rm(list = 1s())

# Load necessary libraries
spatialAnalysis.Lib = c("sf", "geosphere", "akima")
dataManipulation.Lib = c("dplyr", "reshape2", "tidyr")
dataVisualization.Lib = c("ggplot2", "ggrepel", "scales",
"rnaturalearth", "rnaturalearthdata")
list.packages = unique(c(spatialAnalysis.Lib, dataManipulation.Lib, dataVisualization
— .Lib))
# Load all required packages
sapply(list.packages, require, character.only = TRUE)

# Path
path = "/Users/caje3244/OneDrive - UCB-0365/2025 Spring/CVEN 6833/"
path.code = file.path(path, "Codes/")
path.plot = file.path(path, "Figures/")

# Inputs

# load datasets

climatol = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/climatol-
— ann.txt")

topo = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/india-grid
— -topo.txt")

rajee.grid = read.table("http://civil.colorado.edu/~balajir/CVEN6833/HWs/HW-1/Rajeevan
— -grid.txt")

# assign column names

colnames(climatol) = c("lon", "lat", "elev", "prec")
colnames(topo) = c("lon", "lat", "elev")
colnames(rajee.grid) = c("lon", "lat")

# interpolate elevation (DEM) and precipitation data
interp.elev = interp(x = topo$lon , y = topo$lat , z = topo$elev , extrap = TRUE,
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duplicate = "median")

interp.prec = interp(x = climatol$lon, y = climatol$lat, z = climatol$prec, extrap = TRUE,

duplicate = "median")

# convert interpolation results to structured data frames

s df.elev = data.frame(

lon = rep(interp.elev$x, times = length(interp.elev$y)),
lat = rep(interp.elev$y, each = length(interp.elev$x)),
elev = as.vector(interp.elev$z)) %>% drop_na()

df.prec = data.frame(
lon = rep(interp.prec$x, times = length(interp.prec$y)),
lat = rep(interp.prec$y, each = length(interp.prec$x)),
prec = as.vector(interp.prec$z) ) %>% drop_ na()

s # merge elevation and precipitation data

df.map = left_join(df.elev, df.prec, by = c("lon", "lat"))
map.extent = data.frame(xmin = min(df.map$lon),

xmax = max(df.map$lon),

ymin = min(df.map$lat),

ymax = max(df.map$lat))

# ggplot variables

elev.colors = colorRampPalette(c("#f6e8c3", "#c9cbal3", "#ffela8", "#e26d5c",
"#723d46", "#472d430", "#543005"))(1000)

prec.colors = colorRampPalette(c("#0000FF", "#00FFFF", "#00FF00", "#FFFF00",
"#EFFA500", "#FF0000", "#FFOOFF"))(1000)

text.size = 15

label.size =5

crs.target = st_ crs(4326) # WGS84 CRS

# Functions to calc min dist to coasline

# compute the minimum distance from each station to the coastline
MinDistHaversine = function(lon, lat, coast_df) {
distances = distHaversine(matrix(c(lon, lat), ncol = 2), coast_ df)
min(distances) / 1000 # m to km
}

MinDistGeo = function(lon, lat, coast_ df) {
distances = distGeo(matrix(c(lon, lat), ncol = 2), coast__df)
min(distances) / 1000 # m to km

}

# Get India’s coastline data
options(warn=-1)
# sea’s centroid
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sea.centroid = data.frame(
lon = c(65, 88),
lat = c(14, 15),
name = c("Arabian Sea", "Bay of Bengal"))

# download and set crs
countries = ne_ countries(scale = "medium", returnclass = "sf") %>%
st_ transform(crs = crs.target)
# calc centroids
countries.centroids = countries %>%
st_ centroid() %>%
st__transform(crs = crs.target) %>%
st_ crop(xmin = min(df.map$lon), xmax = max(df.map$lon),
ymin = min(df.map$lat), ymax = max(df.map$lat)) %>%
mutate(lon = st_ coordinates(.)[,1], lat = st_ coordinates(.)[,2])
# get coastline

countries.coast = countries %>%
st_ transform(crs = crs.target) %>%
st_ crop(xmin = min(df.map$lon), xmax = max(df.map$lon),
ymin = min(df.map$lat), ymax = max(df.map$lat))
coastline.lines = st_ cast(countries.coast, "MULTILINESTRING")
coast.points = as.data.frame(st_ coordinates(coastline.lines))

colnames(coast.points) = c("lon", "lat", "Z", "M")

# separate coastlines into regions

coast.points = coast.points[, c("lon", "lat")] # drop unnecessary vars
coast.arabian = coast.points %>% filter(lon < 76) # west coast for Arabian Sea
coast.bengal = coast.points %>% filter(lon >= 76) # east coast for Bay of Bengal

location.labels = c("Min. distance to any coast",
"Min. distance to Arabian Sea",
"Min. distance to Bay of Bengal")
# minimum distances by Haversine method
climaHarv = climatol
climaHarvémdCoast = mapply(MinDistHaversine, climaHarv$lon, climaHarv$lat,
MoreArgs = list(coast_ df = coast.points))
climaHarv$mdArabian = mapply(MinDistHaversine, climaHarv$lon, climaHarv$lat,
MoreArgs = list(coast_ df = coast.arabian))
climaHarv$mdBengal = mapply(MinDistHaversine, climaHarv$lon, climaHarv$lat,
MoreArgs = list(coast__df = coast.bengal))

str(climaHarv)

# melt for plotting

clima.melt = melt(climaHarv, id = c("lon", "lat", "elev", "prec"))
clima.melt$variable = factor(clima.melt$variable)
levels(clima.melt$variable) = location.labels

# spatial map with precipitation, elevation, and distances
spatial.plot =
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geplot() +

# elevation raster

geom_ raster(data = df.map, aes(x = lon, y = lat, fill = elev), alpha = .85) +

# country, borders

geom_ sf(data = countries, fill = NA, color = "#000", linewidth = 0.4) +

geom_ rect(data = map.extent, fill = NA, color = "#67001f", linewidth = 0.8,

aes(xmin = xmin, xmax = xmax, ymin = ymin, ymax = ymax)) +
geom_ contour(data = df.map, aes(x = lon, y = lat, z = elev), color = "#000",
linewidth = 0.1, bins = 30) +
# precipitation points
geom_ point(data = clima.melt, aes(x = lon, y = lat, size = value),
shape = 21, color = "#000") +
geom_ point(data = clima.melt, aes(x = lon, y = lat, color = prec, size = value),
shape = 19, alpha = .8) +

# labels

geom_ label_ repel(data = sea.centroid, aes(x = lon, y = lat, label = name),
family = "Times", size = label.size, fill = "#c6dbef", color = "#08306b",
box.padding = 0.3, segment.color = "black") +

geom_ label repel(data = countries.centroids, aes(x = lon, y = lat, label = name),
family = "Times", size = label.size-2, fill = "#f{If", color = "#000",
box.padding = 0.15, segment.color = "#bdbdbd") +

labs(x = "Longitude", y = "Latitude") +

# coordinate system

coord_ sf(xlim = c(min(df.map$lon), max(df.map$lon)),

ylim = c(min(df.map$lat), max(df.map$lat)), expand = FALSE) +
# scales

scale_ fill_ gradientn( colors = elev.colors, name = "Elevation (km)") +
scale__color__gradientn(colors = prec.colors, name = "Precipitation (mm)") +
scale_size continuous(name = "Distance (km)",
breaks = seq(0, max(clima.melt$value, na.rm = TRUE), by = 200))+
# guides
guides(color = guide_ colorbar(barwidth = 2, barheight = 6, title.position = "right", order
— = 3),
fill = guide_ colorbar(barwidth = 2, barheight = 6, title.position = "right", order =
— 2),
size = guide_legend(nrow = 3, order = 1)) +
# facet
facet_ wrap(~variable, ncol = 2)+
# theme
theme_bw(base_ family = "Times") +
theme(axis.text.x = element_ text(size = text.size, vjust = 0.5),
axis.text.y = element__text(size = text.size),
axis.title = element_text(size = text.size + 2