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=% QIXt | water_temp, pH, DO, TOC, EC & AL AAQ|REL REAASF
S Yt 3 5

MEotH algae, blue_green_algae XE Gl U4xXE NE =

QIX}

A2 23 | up_turbidity, up_water_rates, AR ElD AR oH diEaE

OI X} up_water_volume SEE

7|4 91X} | temp, wind_velocity 712, 4 £ J|M4H 2= [o|H

3.3 AN Hy M- b

=8z HolH0l= & 28 7i2f #=7t ZeEO JYLY, EE BHIt S0 ==0] &= A2
OfL|Ct. B2 =7} X|LEX|A B ™ REO| ZHO|X| 2 A4t 580 BOHE =+ 7| HE0
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># 1. Aa= o

> cor_with_target <- cor(X_train, y_train, use = "complete.obs")

> cor_selected <- names(sort(abs(cor_with_target[,1]), decreasing = TRUE)[1:15])
> print(paste("& 2 Al =+ M " Tength(cor_selected), "21'"))

[1] "aF2H= Se: 15 "

> # 2. LASSO

> lasso_model <- cv.glmnet(X_train, y_train, alpha = 1, nfolds = 5)
> lasso_coef <- coef(lasso_model, s = "lambda.min")

> lasso_selected <- rownames(lasso_coef) [which(lasso_coef = 0)][-1]
> print(paste("LASSO d =", Tength(lasso_selected), "21"))

[1] "LAasso ME: 25 2™

> # 3. Elastic Net

> enet_model <- cv.glmnet(X train, y train, alpha = 0.5, nfolds = 5)
> enet_coef «- coef(enet_model, s = "lambda.min™)

> enet_selected <- rownames (enet_coef) [which(enet_coef != 0)1[-1]

> print(paste("Elastic Net M &:" TJength(enet_selected), "24"))

[1] "Elastic Net 8- 25 24"

> # 4. Forward Selection

> forward_model_fast <- regsubsets(

+ X = X_train,

+ ¥y = y_train,

+ method = "forward",

+ nvmax = 25,

+ really.big = TRUE

+)

> forward_summary <- summary(forward_model_fast)

> best_n_fwd <- which.min(forward_summary$bic)

> forward_selected <- names (which(forward_summary$which[best_n_fwd, 1)[-11)
> print(paste("Forward Selection:", Tlength(forward_selected), "20"))

[1] "Forward Selection: 21 JH"

> # 5. Backward Selection

> backward_model_fast <- regsubsets(
+ X = X_train,

+ Yy = y_train,

+ method = "backward".
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= @]
46 7| SAHY 2<%
RE= H==0f ofgh 7|2 SAZS ofe| & 2 0ff Ee[StRACt 2 M=ol x4, XY, B, &
HEHEXE &9l H0|He| 22 541t HadS oofe 5= Ut
Hed ES B 1 A2 R g 3AES Z| 52k EEHA
°
turbidity 2.80 3.10 420 432 5.40 6.10 0.89
(NTU)
up_turbidity 1.20 2.50 3.80 5.08 5.10 270.0 22.50
(NTU)
water_temp 1.50 8.20 15.60 15.83 23.10 29.80 8.45
O
pH 6.80 7.30 7.60 7.58 7.90 8.50 0.35
TOC (mg/L) 0.80 1.40 1.80 1.85 2.20 3.50 0.52
EC (uS/cm) 98.0 125.0 142.0 143.2 158.0 210.0 24.5
alkalinity 20.5 24.0 25.5 25.8 274 321 2.1
(mg/L)
algae 50 320 1250 1580 2340 5800 1120
(cells/mL)
blue_algae 10 120 380 450 680 2100 385
(cells/mL)




blue_green_al 5 95 325 410 615 1950 352
gae (cells/mL)

diatomeae 20 145 485 580 890 2250 465
(cells/mL)

cryptophyceae 5 35 125 155 235 680 132
(cells/mL)

MIB_2 (ng/L) 1.0 1.2 1.5 2.8 3.2 15.8 2.7

Geosmin 1.0 13 1.6 3.1 38 18.5 3.2

(ng/L)

temp (°C) -8.5 5.2 14.8 14.95 24.3 35.2 10.2
wind_velocity 0.0 1.2 2.1 2.3 3.2 8.5 14

(m/s)

up_EC (uS/cm) 85.0 112.0 128.0 130.5 145.0 198.0 22.8
up_pH 6.5 7.1 7.4 7.38 7.7 8.2 0.32
up_water_tem 0.8 7.5 14.8 15.12 223 28.9 8.21
p (°C)

up_DO (mg/L) 48 7.6 9.8 9.85 11.9 15.2 2.18
up_TOC 0.7 13 1.7 1.78 2.1 33 0.48
(mg/L)

up_TN (mg/L) 0.8 1.5 1.9 1.95 24 4.2 0.62




up_TP (mg/L) 0.003 0.004 0.005 0.010 0.008 5.000 0.040
up_water_level 180.2 182.1 182.6 182.5 183.0 184.8 0.85

(EL.m)

up_water_volu 15200 18500 20800 20650 22500 26800 2450
me (& m3)

up_water_rates 5.2 18.5 35.8 423 58.2 185.0 284

(m3/s)
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R I} Python 1042 73 E|QUCt R 2 EHHY
HHZF HAlZ E 2 50| AAZE{2 M, Python 2 EEdd

off E8EIRUCH B BFolMH= R 7Hs 4(Reproducibility) =

Hl
2

|5to4 MAISHH, MA 2 == WX ot U2 MSEHC.

[1] HSH 4 (CV) 7181 & ZE{Z

# HSH S A W LER

cv_threshold <- 5

for(col in names(data)) {
if(is.numeric(datal[[col]])) {
cv <- (sd(data[[col]], na.rm = TRUE) / mean(data[[col]], na.rm = TRUE)) * 100

if(cv < cv_threshold) {
cat(sprintf("A 74 B4: %s (CV = %.2f%%)\n", col, cv))
data[[col]] <- NULL

}
}
}

# 221}k up_pH (CV=4.34%), up_water_level (CV=0.47%) X7

[2] LASSO 2! Elastic Net 3|7
X773l 3|7(Regularized Regression)E S35 2 fH4+E ME3IACH
library(glmnet)

# Train/Test O|O|E{ £ (80:20)
train_ratio <- 0.8



train_size <- floor(nrow(data) * train_ratio)
train_data <- data[1:train_size, ]
test_data <- data[(train_size + 1):nrow(data), ]

Aol =EAHIA H
# SEHs SEHs B

X_train <- as.matrix(train_data %>% select(where(is.numeric), -turbidity))
y_train <- train_data$turbidity

# LASSO 3|7 (alpha = 1.0)

lasso_model <- cv.gimnet(X_train, y_train, alpha = 1, nfolds = 5)
lasso_coef <- coef(lasso_model, s = "lambda.min")
lasso_selected <- rownames(lasso_coef)[which(lasso_coef != 0)][-1]

cat("LASSO MEH #i~:" |ength(lasso_selected), "7H\n")
print(lasso_selected)

# Elastic Net 2|7 (alpha = 0.5)

enet_model <- cv.gimnet(X_train, y_train, alpha = 0.5, nfolds = 5)
enet_coef <- coef(enet_model, s = "lambda.min")
enet_selected <- rownames(enet_coef)[which(enet_coef != 0)][-1]

cat("Elastic Net &4 B4=:" length(enet_selected), "7H\n")

[3] VIF(Variance Inflation Factor) Z4&
library(car)

#2322 W42 317 2 75
formula_str <- paste("turbidity ~", paste(candidate_vars, collapse =" + "))
Im_model <- Im(as.formula(formula_str), data = train_data)

# VIF 7| A

vif_values <- vif(Im_model)
print(vif_values)

# VIF > 10 QI == x| A
high_vif_vars <- names(vif_values]|vif_values > 10])
cat("VIF > 10 2l #4==:", high_vif_vars, "\n")

final_selected <- setdiff(candidate_vars, high_vif_vars)
cat("Z|E MH B length(final_selected), "7H\n")

print(final_selected)

# 21t 19 7H ¢ M7 (alkalinity, blue_green_algae, diatomeae, EC, pH,



# TOC, up_EC, up_pH, up_TOC, up_turbidity, algae, blue_algae, Geosmin,
# MIB_2, up_TN, wind_velocity, cryptophyceae, temp, up_TP)

1] AlAIYE HaE 4

library(tseries)

# ¢ OlO|E{ ADF AH

turbidity_ts <- ts(train_data$turbidity, frequency = 24)
adf_original <- adf.test(turbidity_ts, alternative = "stationary")

cat("ADF 2% &H|&:", adf_original$statistic, "\n")

cat("p-value:", adf_original$p-value, "\n")

if(adf_original$p.value < 0.05) {

cat("ZE: & O|O|E{7} Ha g BrFELICH (p < 0.05)\n")
} else {

cat("AE: HIHA AlALULICt X2 0| HRELICH\N")

}

#1 % AE F HEE
turbidity diff1 <- diff(turbidity_ts, differences = 1)
adf_diff1 <- adf.test(turbidity_diff1, alternative = "stationary")

cat("\n1 At XH2 F ADF p-value:", adf_diff1$p.value, "\n")

# ACF/PACF AlZt3}
par(mfrow = c(2, 2))
acf(turbidity_ts, lag.max = 100, main = "¢ CI|O|E{ ACF")

pacf(turbidity_ts, lag.max = 100, main = "¢ Cl|O|E{ PACF")
acf(turbidity_diff1, lag.max = 100, main = "1 X} A}2 ¥ ACF")

pacf(turbidity_diff1, lag.max = 100, main = "1 X} X} & PACF")
par(mfrow = c(1, 1))

[2] XHS ARIMA &t M7

library(forecast)



# auto.arima € S8 %X R RS MH

arima_model <- auto.arima(turbidity_ts,
stepwise = TRUE,
approximation = TRUE,
seasonal = TRUE)

#2H Qo

summary(arima_model)

# MHEE 2 ARIMA(2,1,3)(1,0,0)[24]
_JI\_

#- H™ AR &2 (P): 1, T71: 24 Al

# o TIE

tsdiag(arima_model)
B]oE 2 &5 Bot

# Test OIO|E{| oS

h_forecast <- nrow(test_data)
arima_pred <- forecast(arima_model, h = h_forecast)

# s K|E AL

actual_test <- test_data$turbidity

mse_arima <- mean((actual_test - arima_pred$mean)*2)
mae_arima <- mean(abs(actual_test - arima_pred$mean))
rmse_arima <- sqrt(mse_arima)

cat("ARIMA 2& H5:\n")

(
cat(" MSE:", round(mse_arima, 4), "\n")
cat(" MAE:", round(mae_arima, 4), "\n")
cat(" RMSE ", round(rmse_arima, 4), "\n")

# ol 2 AlZHE
plot(test_data$measure_date, actual_test, type ="I",
main = "ARIMA 0{& Z1}", xlab = "™", ylab = "Ef = (NTU)",

col = "black", lwd = 2)
lines(test_data$measure_date, arima_pred$mean, col = "red", Iwd = 2, Ity = 2)

|egend("t0prlght", Iegend - C(IIAEIX_"II’ llo1|§ll),
col = ¢("black", "red"), Ity = c(1, 2), lwd = 2)



A.3 Random Forest 2 &

library(randomForest)

# 2|15 MHEE 19 7 ¥+ = H|0|E EH]

X_train_selected <- as.matrix(train_datal, final_selected])
X_test_selected <- as.matrix(test_datal, final_selected])

# Random Forest 2 & &t&

rf_model <- randomForest(
x = X_train_selected,

y =y_train,
ntree = 100, # EC| M=
mtry = 6, # 2t 2ol TE4E HEe T

importance = TRUE, # 3 3% #Hl¢
nodesize = 5, #EAE 37|
maxnodes = NULL # = = £ ANt ois

)

# 2 Q9
print(rf_model)

#olH
rf_pred <- predict(rf_model, X_test_selected)

# g5 8t

mse_rf <- mean((actual_test - rf_pred)"2)
mae_rf <- mean(abs(actual_test - rf_pred))
r2_rf <- 1 - sum((actual_test - rf_pred)"2) / sum((actual_test - mean(actual_test))"2)

cat("\nRandom Forest A&:\n")

(
cat(" MSE:", round(mse_rf, 4), "\n")
cat(" MAE:", round(mae_rf, 4), "\n")
cat(" R%" round(r2 rf, 4), "\n")

#HF ST AlZE

varlmpPlot(rf_model, main = "Random Forest B+ &2 T")

#8211071 B2 Hy £

S =T

importance_scores <- importance(rf_model)
top10_vars <- head(importance_scores[order(importance_scores|, 1],



decreasing = TRUE), ], 10)
print(top10_vars)

B. Python ZE (EH2{'d 22: LSTM & GRU)

B.1 CIlO|E{ M&E| & AlEA dd

import numpy as np

import pandas as pd

from sklearn.preprocessing import MinMaxScaler

from tensorflow import keras

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, GRU, Dense, Dropout
from tensorflow.keras.callbacks import EarlyStopping

# CllO|E{ 2E (CSV 1HY)

df = pd.read_csv('& =¥ _8&_+&_A[HY_CI|O|E.csv', encoding="euc-kr")

dfmeasure_date'] = pd.to_datetime(df'measure_date")
df = df.sort_values('measure_date').reset_index(drop=True)

# Train/Test 2 & (80:20)
split_idx = int(len(df) * 0.8)
train_df = df.iloc[:split_idx].copy()
test_df = df.iloc[split_idx:].copy()

#EMA S 2 QUa e MY

target = "turbidity'

feature_cols = ['alkalinity’, 'blue_green_algae', 'diatomeae’, 'EC’, 'pH',
"TOC', 'up_EC', 'up_pH', 'up_TOC', 'up_turbidity', 'algae’,
'blue_algae', 'Geosmin', 'MIB_2', 'up_T-N', 'wind_velocity',
‘cryptophyceae’, 'temp’, 'up_T-P']

# CIOIE =&

X_train = train_dfffeature_cols].values
y_train = train_dfftarget].values
X_test = test_dfffeature_cols].values
y_test = test_df[target].values

print(f"X_train shape: {X_train.shape}")
print(f'y_train shape: {y_train.shape}")

B.2 CIO|E{ A7 Y2

LSTM I} GRU = =23zt o| A7 Yo 21322 MinMaxScaler £ A 5104



0~1 He= Hr3tstARct

#X,y BE AFAYY

scaler_X = MinMaxScaler()
X_train_scaled = scaler_X.fit_transform(X_train)
X_test_scaled = scaler_X.transform(X_test)

scaler_y = MinMaxScaler()

y_train_scaled = scaler_y.fit_transform(y_train.reshape(-1, 1)).flatten()
y_test scaled = scaler_y.transform(y_test.reshape(-1, 1)).flatten()

pnnt("ﬁa‘HOIEI gl'E X y E—l— 0 1 =K Olg H=|§I_|.u)
B.3 AR A C|O|E] MM &2

LSTM 2} GRU £ AlAIY H0|E{E 3 xF-& EEH (samples, time_steps, features) 2
Ql2qdtotof Bt 2 2370l M E 7 24 AlZH| C|O|E{E & 835104 FAH Al

te S AASHACEH

An
H1
111
2
A
[e][]

def create_sequences(X, y, time_steps=24):

AlH|YE O|O|E{E LSTM/GRU i A|RA R HEl

ok

Parameters:
X : array-like, shape (n_samples, n_features)

ol2f S clolE] (AU =)
y : array-like, shape (n_samples,)
B S (AU 2 2)
time_steps : int, default=24
A~ Zio| (74 & AlZte| Hlo|E{E AFSE XI)

Returns:

X_seq: array, shape (n_samples-time_steps, time_steps, n_features)
Al 3HA HEHE #HEHE 213 oo H

y_seq: array, shape (n_samples-time_steps,)
A20f CHE sHe EFZY 4

Example:
t7{ 24 AlZto| HIOIE{Z 25 Hml AlZto| EF o =

X_seq[0] = [X[0], X[1], ..., X[23]] — y_seq[0] = y[24]
X_seq[1] = [X[1], X[2], ..., X[24]] - y_seq[1] = y[25]



Xs,ys =1, 1l

for i in range(len(X) - time_steps):
# 174 time_steps A|ZHQ| CI|O[E{& StLIS| A|RHAE
Xs.append(X]i:i+time_steps])
# time_steps O|F 9| ZI2 oS o=

ys.append(y[i+time_steps])

return np.array(Xs), np.array(ys)

# A|HA C|O|E M (24 AlZt window)
time_steps =24

X_train_seq, y_train_seq = create_sequences(X_train_scaled, y_train_scaled,
time_steps)
X _test seq, y test seq = create_sequences(X_test scaled, y test scaled,
time_steps)

print(f" X_train_seq shape: {X_train_seq.shape}")
print(f" y_train_seq shape: {y_train_seq.shape}")
print(f" X _test seq shape: {X test seq.shape}")

(

print(f" y_test_seq shape: {y_test_seq.shape}")

# O Al
# X_train_seq.shape = (21835, 24, 19)
# 21,8357 ME, Zt MZ2 24 Ao T4 HIO|E, 19 7H =

B4LSTM B 75

(1] 22 ot 7[Eldx{ MH|

def build_Istm_model(input_shape):
LSTM 7| EfE of & 2 &
Architecture:

1. LSTM Layer 1: 64 units, return_sequences=True

- AL ZE AM BSOS S22 ®Y

ok

t A5} B4 tanh (LSTM 7|22f)

2. Dropout 1: 0.3



LS

it]

YXIE et 30% w&H FEH| MA

3. LSTM Layer 2: 32 units, return_sequences=False

- A|BAQ| Otx|at E2d0tClE o2 MY

4. Dropout 2: 0.2

5. Dense Layer: 16 units, ReLU activation

CHIME HEre QS e o B

o
=

6. Output Layer: 1 unit (Ef= 0=

)

Parameters:
input_shape : tuple

(time_steps, n_features) SE}

ofl: (24, 19) - 24 AlZt, 19 7} ¥

Returns:
model : Keras Sequential model

model = Sequential([
# A | LSTM & (64 units)
LSTM(64,
activation="tanh’,

return_sequences=True, # C}S LSTM S22 A|HA ™

input_shape=input_shape),

# Dropout 2 2 I} X418} g x|

Dropout(0.3),

# 5 Hmf LSTM & (32 units)

LSTM(32,
activation="tanh’,

-

return_sequences=False), # OFX|2F &390+ ™ML
Dropout(0.2),

# &7 124 & (Dense layer)

Dense(16, activation="relu’),

#EHM B (1M ==X oELY)
Dense(1)
1)

Ch



# o Hupd
model.compile(
optimizer=keras.optimizers.Adam(learning_rate=0.001),

loss='mse', # B M=z 2 (&7 A)
metrics=[mae'] # B MO LA (ZLIEHE8)

)

return model

# 21 Hey &o|

input_shape = (X_train_seq.shape[1], X_train_seq.shape[2])
# input_shape = (24, 19)

# Early Stopping 2 A%
early_stop = EarlyStopping(

monitor="val_loss', #438 &42 ZLE-
patience=20, #200lx3 S 7 gleH SH
restore_best_weights=True, # %M 7} S X2 53

verbose=1

#LSTM & M
Istm_model = build_Istm_model(input_shape)

#od x5

Istm_model.summary()

# 2 e
history_Istm = Istm_model.fit(
X_train_seq, y_train_seq,

epochs=100, # Z|CH 100 o232
batch_size=32, # HIX| 27|
validation_split=0.2, # Train 8| 20%E HAS 822

callbacks=[early_stop],
verbose=1



print(f" %|& 0| 3: {len(history_lstm.history['loss)}")
print(f" Z|Z Train Loss: {history_Istm.history[loss'][-1]:.4f}")
print(f" %|Z Val Loss: {history_Istm.history['val_loss'][-1]:.4f}")

[3] 0| = & e

# Test CllO|E{ ol & (A2 AHLZE &)

Istm_test pred_scaled = Istm_model.predict(X_test seq, verbose=0).flatten()

# ol A UE
Istm_test pred = scaler_y.inverse_transform(

Istm_test pred_scaled.reshape(-1, 1)
).flatten()

# AX y test = 2 (H|WE <I3H)
y_test_actual = scaler_y.inverse_transform(

y_test seq.reshape(-1, 1)
)-flatten()

print(f"\n 0 & ="
print(f" 0= 2} shape: {Istm_test_pred.shape}")

print(f" 052} B 2!: {Istm_test_pred.min():.2f} ~ {Istm_test_pred.max():.2f} NTU")

[4] &5 87t
from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score

#ds XIE AL

mse_Istm = mean_squared_error(y_test _actual, Istm_test pred)
mae_Istm = mean_absolute_error(y_test_actual, Istm_test_pred)
rmse_Istm = np.sqrt(mse_Istm)

r2_lstm = r2_score(y_test_actual, Istm_test _pred)

print(f\nLSTM 2 & Ms:")
print(f" MSE: {mse_lstm:.4f}")
print(f" MAE: {mae_lIstm:.4f}")
print(f" RMSE: {rmse_Istm:.4f}")
print(f" R%: {r2_lIstm:.4f}")

B.5GRU & 715



A0 A EEH0| EoHME RAE & Eelcl.

def build_gru_model(input_shape):

GRU 7|8t Ef = of

L=

i

Architecture:

LSTM It S st X 0|Lt LSTM 52 GRU S22 CHA|

- GRU £ LSTM EC} mt2t0|E{7} *of & St &

- 7] o| &0l e AlAIEH A £t

model = Sequential([

)

# 2 B GRU & (64 units)

GRU(64,
activation="tanh',
return_sequences=True,
input_shape=input_shape),

Dropout(0.3),

# 5 M GRU 3 (32 units)

GRU(32,
activation='"tanh',
return_sequences=False),

Dropout(0.2),

peH o s

Dense(16, activation="relu"),

=29 =

HES B
Dense(1)

model.compile(

)

optimizer=keras.optimizers.Adam(learning_rate=0.001),
loss='mse’,
metrics=['mae’]

return model



#GRU Z& 4y 3 st&
gru_model = build_gru_model(input_shape)
gru_model.summary()

history_gru = gru_model.fit(
X_train_seq, y_train_seq,
epochs=100,
batch_size=32,
validation_split=0.2,
callbacks=[early_stop],
verbose=1

# oS

gru_test pred_scaled = gru_model.predict(X_test_seq, verbose=0).flatten()
gru_test pred = scaler_y.inverse_transform(

gru_test pred_scaled.reshape(-1, 1)
)-flatten()

# g5 8t

mse_gru = mean_squared_error(y_test actual, gru_test pred)
mae_gru = mean_absolute_error(y_test_actual, gru_test_pred)
rmse_gru = np.sqgrt(mse_gru)

r2_gru = r2_score(y_test_actual, gru_test pred)

print(f\nGRU 2 & M&:"
print(f" MSE: {mse_gru:.4f}")
print(f" MAE: {mae_gru:.4f}")
print(f" RMSE: {rmse_gru:.4f}")
print(f" R% {r2_gru:.4f}")

B.6 LSTM vs GRU H|1!

#4dsHIE

import pandas as pd

comparison = pd.DataFrame({
'Model": [LSTM', 'GRU'],
'MSE": [mse_Istm, mse_gru],
'MAE'": [mae_Istm, mae_gru],
'RMSE": [rmse_Istm, rmse_gru],
'R?: [r2_lIstm, r2_gru],
'Parameters": [Istm_model.count_params(), gru_model.count_params()],



"Training Time (epochs)": [len(history_Istm.history['loss"]),
len(history _gru.history['loss'])]
)

#LSTM vs GRU 45 H|m
print(comparison.to_string(index=False))

# AlZ+gt
import matplotlib.pyplot as plt

fig, axes = plt.subplots(1, 2, figsize=(15, 5))

#e 2L

axes[0].plot(history_Istm.history['loss'], label="LSTM Train Loss', color="blue")

axes[0].plot(history_Istm.history['val_loss'], label='LSTM Val Loss',
color="blue’, linestyle='--")

axes[0].plot(history_gru.history['loss'], label='"GRU Train Loss', color="red")

axes[0].plot(history_gru.history['val_loss'], label="GRU Val Loss',
color="red', linestyle="--")

axes|[0].set_xlabel('Epoch’)

axes[0].set_ylabel('Loss (MSE)')

axes[0].set _title('Training History: LSTM vs GRU")

axes[0].legend()

axes[0].grid(True, alpha=0.3)

# 0= vs X H|

axes[1].scatter(y_test actual, Istm_test_pred, alpha=0.5, label="LSTM', color="blue")
axes[1].scatter(y_test_actual, gru_test_pred, alpha=0.5, label="GRU’, color="red")
axes[1].plot([y_test actual.min(), y_test actual.max()],
[y_test_actual.min(), y_test_actual.max()],
'k--', lw=2, label="Perfect Prediction")
axes[1].set_xlabel('Actual Turbidity (NTU)")
axes[1].set_ylabel('Predicted Turbidity (NTU)")
axes[1].set _title('Actual vs Predicted')
axes[1].legend()
axes[1].grid(True, alpha=0.3)

plt.tight_layout()

plt.show()

10.2 29F
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