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ABSTRACT

Time series analysis using machine learning is vital for forecasting in commodity sciences. This research leverages
advanced machine learning models for time series forecasting of fish production at both state and national levels in India.
The study developed and compared traditional models, like the autoregressive integrated moving average (ARIMA) and
state space models, with the advanced machine learning model, extreme gradient boosting (XGBoost), using training and
test data sets. Results showed that XGBoost and state space models significantly outperformed the ARIMA model.
Specifically, XGBoost had the highest accuracy in eight of eighteen series, followed by state space models (seven out of
eighteen), and ARIMA models (three out of eighteen). This confirms that applying diverse machine learning models can
enhance forecasting accuracy for fish production. After identifying the best-performing models, forecasts for fish
production were extended to 2030, indicating that India’s total and marine fish production would likely continue to grow,
with minimal change expected in key producing states. This data-driven analysis offers valuable insights for food
security planning and policy-making in the region.
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INTRODUCTION is projected to grow by 10.5% to reach INR 2.243 billion
by 2026 (Sharma et al., 2018).

Fish production plays a pivotal role in global India's aquaculture produgtion encompasses bgth
food systems, offering essential protein, nutrients, and inland and marine sources, with inland production
economic benefits to millions worldwide. As one of the contributing over twice as much as marine production.
fastest-expanding food sectors, it is crucial for meeting Andhra Pradesh leads in inland fish production, while
the nutritional demands of a growing global population. Gujarat ranks highgst in marine fish production. This
Fish and fishery products are not only a primary nutrition sector supportg llveh.hood.s and employment for vast mral
source for many but also provide essential nutrients like communities in India. Fish provides consumers with a
vitamins, minerals, and omega-3 fatty acids, all beneficial wealth of protein, healthy fats, long-chain omega-3 fatty
for human health. India ranks second globally in fish acids, vitamin D, iodine, and various micronutrients. In a
production, with the southern and much of the eastern rapidly growing population like India, fish is considered
population being the primary consumers. In 2020, the the most affordable source of iron and animal protein,
Indian fish market generated about INR 1.232 billion and addressing nutritional insecurity. Fish accounts for about

20% of animal-derived protein in low-income, food-
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deficient nations and 13% in industrialized countries
(Delgado et al., 2002). Coastal aquaculture has emerged
as a promising sector with significant potential for
boosting exports and foreign exchange earnings
(Krishnan and Birthal, 2002).

The demand for fish as a dietary staple has
surged due to its high nutritional value. As a renewable
natural resource, fish can replenish itself, but
unsustainable harvesting practices could lead to depletion
and even extinction. Sustainable harvesting strategies are
essential to prevent this and ensure consistent production
across years (Aanes et al., 2002). Consequently, accurate
forecasting of fish production is crucial for policy-
making to secure a surplus supply. Numerous researchers
have explored methods for predicting fish production.

Yadav et al. (2013) conducted a comparative
study on fish production forecasting in India, using
artificial neural networks (ANN) and fuzzy time series
models, concluding that ANN yielded better accuracy. In
Tamil Nadu, Anuja et al. (2017) used ARIMA (Auto-
Regressive Integrated Moving Average) and regression
analysis for marine fish production forecasting, finding
ARIMA slightly more precise. Raman et al. (2017) used
the ARIMA model to forecast marine fish production in
Odisha from 2015 to 2018. Similarly, Boruah et al.
(2020) analyzed data from 1978 to 2018, concluding that
total fish production increased at a higher rate than
marine fish production in India, with ARIMA (0,2,1) and
ARIMA (2,1,4) being the best models for marine and
total fish production, respectively.

In another study, Yadav et al. (2020) applied
time series data from 1980-81 to 2014-15 to predict fish
production in Assam using an ARIMA model validated
with data from 2015-16 to 2018-19, where ARIMA
(1,1,0) was identified as the best fit, showing a rising
production trend. Mishra et al. (2021) evaluated fish
production in India using ARIMA, Holt’s Linear, BATS,
and TBATS models, concluding that Holt’s Linear model
was ideal for marine fish forecasting, while ARIMA
(2,2,1) and ARIMA (3,2,0) were best for inland and total
fish production forecasts. In Andhra Pradesh, Stephen et
al. (2022) employed Non-linear Autoregressive (NAR)
ANN, ARIMA, and Empirical Mode Decomposition-
based ANN (EMD-ANN) models for fish catch
prediction.

Having the importance of this context, we tried
to build the time series model using statistical and
machine learning models to predict the fish production
nature in marine and inland condition of all major states
in India. We firmly believe that the results of this study
will be useful to stakeholders, policymakers, and
researchers in making decisions on fish production
policies.
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MATERIALS AND METHODS

The time series information from 1993 to 2022
collected from Handbook on fisheries statistics, published
by department of fisheries, Ministry of fisheries, animal
husbandry and dairying were used to analysis in this
study. The data was then divided into a training set
consisting of 90% of observations from 1993-2019, and a
validation set comprising the remaining 10% for 2020-
2022. The training set was used to fit and estimate
parameters of different forecasting models, while the
validation set allowed for an unbiased evaluation of their
predictive performance.

Coming to the methodology context,
following modeling approaches were utilized,

the

Autoregressive Integrated Moving Average (ARIMA)
models: ARIMA is a well-established statistical
modeling framework for univariate time series data. It
incorporates  autoregressive and moving average
components applied to differenced data to capture
autocorrelation patterns and achieve stationarity. Model
identification and parameter estimation were conducted
using maximum likelihood method (Abotaleb et al.,
2021; Al khatib et al., 2021; Mishra et al, 2020; Mishra et
al., 2021; Mishra et al,.2023; Mohammed et al,.2021;
Raghav et al., 2022; Rahman et al,.2022; Ray et al.,
2023a; Ray et al., 2023b; Yonar et al., 2022;).Generally,
ARIMA model is followed by three parameters; p (order
of Auto regressive (AR) term) d (order of differencing)
and ¢ (order of Moving average (MA) term). The simple
equation of ARIMA model defined as;

Ay, = c+ Z?:l by + 27:1 Oj€e—j + €,

where, y, is the time series information at time #; ¢ is the
constant; A%y, is the stationary series after differencing;
¢; is the AR coefTicients; 6; is the MA coefficients; €, is
the white noise error followed as €, ~ WN(0, c%) at time
t.

State Space Models (SSM): SSMs provide a flexible
structural approach to decompose time series into various
unobserved components like trend, seasonality and noise.
The Kalman filter was employed for efficient parameter
estimation in the SSM framework (Yadav et al., 2022)
and (Niranjan et al., 2022). The simple state space model
equation is followed as state equation and observation
equation denoted as,

x¢ = Ax;_, + Bu, + w,(State equation),

where, x, is the state vector at time ¢, 4 is the state
transition matrix; B is the control metrix; u, is the control
input vector and w; is the residual covariance.

¥: = Cx; + Du; + v, (Observed equation),

where, y, is the observed vector at time #; C is the
observed matrix; D is the input effect matrix and v; is the
observed residual covariance.

Combinedly the state estimation followed as,
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Xy = A% 1 + k(e — CXp)
where, k; is the Kalman filter.

Extreme Gradient Boosting (XGBoost): As an
ensemble machine learning technique, XGBoost builds a
collection of decision trees from the training data in an
iterative manner. It can inherently capture nonlinear
relationships and handle outliers.

Mathematically, the algorithm can be expressed as by the
following steps;

Xe = [Vee1, Ve—gs e e Ye—n] 5 estimating the lagged
feature to the target point y, in the time series.

Train the series with normalized the function;

L(6) = X1, — 907 + ZEL, Q(f) : where Q(f) =
yT + %A Y 71w (regularization term)

Then the prediction equation; 9, = YX_, fi.(Xo):

Next, the model should be updated with gradients and

Hessians;

o dL(y;, 1)

l ay;

b= d*L(y;, 9)

' dy?

Now, the best gain should be determined by splitting
. Gt Gi (G, + Gg)?
Gain = =

2|H,+ 2 "Hy+2 H,+Hp+21| 7
The most suitable model configurations from each
approach were selected based on metrics like Akaike
information criterion (AIC), mean absolute error (MAE)
and mean square error (MSE) evaluated on the training
set. Forecasts from the best performing ARIMA, SSM
and XGBoost models were then compared based on their
accuracy on the validation samples. This allowed for a
comprehensive evaluation of various forecasting
techniques for agricultural production time series (Chen
& Guestrin, 2016). The total analysis was performed in R
open source platform (https://cran.r-
project.org/bin/windows/base/ ).

RESULTS AND DISCUSSION

Before modeling the time series information, it
is crucial to check the data's behavior. So, first, summary
statistics were evaluated to describe the series (Table 1).

The table 1 presents summary statistics for fish
production data across various states and regions in India
from 1993 to 2022. The table is divided into two sections.
The first section reports central tendency measures: mean
fish production, indicating the average fish production for
each variable over 30 years, the median which is the
middle value when production data is arranged in
ascending order, and the minimum and maximum show
the lowest and highest production levels recorded for
each variable. This information provides the enough
evidence of the central measurement of the data series.
The second section describes the data's distribution and
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variability: standard deviation shows how much
production values fluctuate from the mean. Coefficient of
variation expresses variability relative to the mean.
Skewness indicates the asymmetry in the distribution of
production values, with positive skewness indicating a
longer right tail (more high values) and negative
skewness indicating a longer left tail (more low values),
and excess kurtosis shows the "peakedness" of the
distribution; a positive value means the distribution has a
higher peak and fatter tails than normal (more extreme
values), while a negative value suggests a flatter, less
extreme distribution. One can determine about the
variation of the data series from these measurements. The
table 1 highlights production patterns and variability
across different regions. Andhra Pradesh, for instance,
showed the highest mean 416.25 and maximum 1393.7 in
inland fish production, but also the highest standard
deviation 401.57, indicating significant fluctuation
around the average. In contrast, India Inland had a much
lower mean 31.467 and standard deviation 4.1623,
reflecting a smaller scale and more stable production over
time. West Bengal Marine showed negative skewness (-
0.80129), indicating a longer left tail (more low
production values), while India Marine had positive
skewness (0.9783), showing a longer right tail (more high
production values). Excess kurtosis values were negative
for all series, suggesting flatter distributions with fewer
extreme values than a normal distribution. These
descriptive statistics provide a comprehensive overview
of the central tendency, dispersion, and shape of the fish
production data for each region. Andhra Pradesh has the
highest mean, median, minimum, and maximum fish
production among all states, with West Bengal and
Gujarat following. India as a region has the lowest mean,
median, minimum, and maximum values, with Karnataka
and Odisha just above. Andhra Pradesh inland shows the
highest coefficient of variation, indicating substantial
fluctuation over time. India inland has the lowest
standard deviation and coefficient of variation, showing
minimal fluctuation over time. India marine displays the
highest skewness and excess kurtosis, reflecting a highly
asymmetric and peaked production distribution. West
Bengal marine has the lowest skewness and excess
kurtosis, suggesting a more symmetric and flat
distribution.

Table 2 displays the most appropriate ARIMA
models for the training data based on the following
evaluation criteria: Akaike information criterion (AIC),
root mean squared error (RMSE), mean absolute error
(MAE), mean absolute percentage error (MAPE), in-
sample mean squared error (MSE), and the number of
significant coefficients. These criteria assess the fit and
prediction performance of the models.

After building the ARIMA model, state space
model also employed of each training series (Table 3).
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The most suitable model for all the time series data was on the training dataset, based on the evaluation criteria
selected based on the same goodness of fit criteria.Table used in this study.
4 showed that XGBoost outperformed the other models

Table 1: Summary Statistics for fish production lakh tonnes (LT)".

Variable Mean Median Minimum Maximum
Andhra Pradesh Inland 416.25 243.57 15.03 1393.7
Andhra Pradesh Marine 159.3 153.19 4.38 433.28
Andhra Pradesh Total 575.55 391.85 19.78 1808.1
West Bengal Inland 695.11 804.76 13.92 1338
West Bengal Marine 121.13 162 1.55 197.11
West Bengal Total 816.24 972.51 15.8 1517
Karnataka Inland 81.919 86.805 1.59 199.05
Karnataka Marine 156.4 183.58 3.47 357.32
Karnataka Total 238.32 282.38 5.55 546.43
Odisha Inland 131.15 141.03 2.94 291.83
Odisha Marine 87.465 118.85 1.2 156.08
Odisha Total 218.62 269.1 4.14 410.14
Gujarat Inland 49.57 55.385 0.98 142.85
Gujarat Marine 457.22 620.15 6.83 745.71
Gujarat Total 506.79 672.8 7.94 816.51
India Inland 31.467 29.84 25.76 41.27
India Marine 50.712 40.26 17.89 121.21
India Total 82.179 69.98 43.65 162.48
Variables Std. Dev. C.V. Skewness Ex. kurtosis
Andhra Pradesh Inland 401.57 0.96474 0.8258 -0.40242
Andhra Pradesh Marine 124.73 0.78295 0.26856 -0.62009
Andhra Pradesh Total 521.06 0.90532 0.70729 -0.48619
West Bengal Inland 495.84 0.71333 -0.35555 -1.3346
West Bengal Marine 80.403 0.66375 -0.80129 -1.2633
West Bengal Total 571.85 0.70059 -0.45498 -1.3329
Karnataka Inland 62.338 0.76098 0.0345 -1.0636
Karnataka Marine 113.35 0.72478 -0.15828 -0.99759
Karnataka Total 171.99 0.72168 -0.15135 -0.93889
QOdisha Inland 94971 0.72412 -0.17318 -1.2375
Odisha Marine 57.879 0.66173 -0.79401 -1.2454
QOdisha Total 148.43 0.67895 -0.55996 -1.2926
Gujarat Inland 37.613 0.75877 0.11034 -0.54548
Gujarat Marine 302.69 0.66202 -0.81101 -1.2545
Gujarat Total 3353 0.66161 -0.80812 -1.2581
India Inland 4.1623 0.13227 0.61688 -0.70496
India Marine 29.547 0.58265 0.9783 -0.13947
India Total 33.468 0.40725 0.9215 -0.26961

* 1.0 lakh tonne = 100,000 tonnes
Table 2: ARIMA Model fitted for State-wise Fish Production and India on training data set (1993-2019).

Akaike Bayesian in-sample

State MODEL Information Information MAE RMSE MAPE MSE
Criterion (AIC)  Criterion (BIC)

Andhra Pradesh Inland ARIMA(2,0,2) 351.86 359.63 146.24  330.68  624.00 1.0935e+05
Andhra Pradesh Marine ~ ARIMA(1,0,0) 321.83 324.42 45.18 85.55 337.77 7318.77
Andhra Pradesh Total ARIMA(1,0,0) 398.48 401.07 192.19  356.16  318.45 1.2685¢+05
West Bengal Inland ARIMA(1,0,0) 382.59 385.19 121.13 25949 352091 67335.59
West Bengal Marine ARIMA(1,0,0) 268.95 271.55 14.13 30.87  304.36 952.71
West Bengal Total ARIMA(4,0,3) 351.41 361.78 167.95 343.16  843.24 1.1776e+05
Karnataka Inland ARIMA(1,0,0) 275.73 278.33 20.46 36.13 313.25 1305.61
Karnataka Marine ARIMA(1,0,0) 313.85 317.74 43.44 72.08 532.98 5195.84
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Karnataka Total ARIMA(1,0,0) 334.59 337.18 51.98 106.10  344.45 11257.95
Odisha Inland ARIMA(1,0,0) 300.58 303.17 29.71 57.36 362.47 3289.93
Odisha Marine ARIMA(0,1,0) 243.64 244.94 10.81 25.54 396.36 652.45
Odisha Total ARIMA(1,0,0) 319.14 321.73 37.01 79.85 365.53 6375.6
Gujarat Inland ARIMA(1,0,0) 257.2 261.08 17.8 255 558.84 650.45
Gujarat Marine ARIMA(0,1,0) 336.17 337.47 70.24 15236  401.36 23214.19
Gujarat Total ARIMA(1,0,0) 358.39 360.98 82.6 162.82  370.05 26509.82
India Inland ARIMA(0,2,1) 85.155 87.746 1.051 1.28 3.486 1.639
India Marine ARIMA(0,2,1) 104.27 108.157 1.416 1.781 3.086 3.174
India Total ARIMA(0,2,1) 114.562 117.154 1.765 2.273 2.434 5.165

Table 3: State Space Models fitted for State-wise Fish Production and India on training data set (1993-2019).

State Akaike Bayesian MAE RMSE MAPE in-sample
Information Information MSE
Criterion (AIC) Criterion (BIC)
Andhra Pradesh Inland 372.94 376.82 117.83 280.69 383.14 78788.55
Andhra Pradesh Marine 310.33 312.92 34.05 87.53 368.37 7661.29
Andhra Pradesh Total 386.45 390.34 146.68 364.06 375.57 1.3254e+05
West Bengal Inland 369.6 373.49 87.47 263.34 376.77 69346.92
West Bengal Marine 256.99 259.58 12.95 31.38 312.94 984.75
West Bengal Total 373.07 375.66 90.64 292.5 362.24 85558.44
Karnataka Inland 265.21 267.8 18.16 36.76 335.94 1351.18
Karnataka Marine 305.03 308.92 33.61 76.07 396.16 5786.54
Karnataka Total 321.67 324.26 45.65 108.86 369.09 11851.28
Odisha Inland 291.09 294.97 21.88 58.17 406.17 3384.15
Odisha Marine 247.49 251.38 11.16 25.15 403.5 632.72
Odisha Total 308.34 312.22 28.66 81.06 399.15 6570.37
Gujarat Inland 249.95 253.84 15.65 26.36 473.5 694.68
Gujarat Marine 339.93 343.82 70.64 148.79 427.02 22139.89
Gujarat Total 345.47 349.36 75.37 165.54 416.99 27404.18
India Inland 88.515 91.107 1.013 1.229 3314 1.511
India Marine 149.321 151913 3.05 3.958 6.259 15.664
India Total 156.932 159.524 3.698 4.582 4.505 20.992

Table 4: XGBoost Machine learning Method fitted for State-wise Fish Production and India on training data set
(1993-2019).

State XGBoost Method
MAE RMSE MAPE in-sample MSE

Andhra Pradesh Inland 443 8.407 2.618 70.670
Andhra Pradesh Marine 11.635 18.206 5.134 331.453
Andhra Pradesh Total 7.901 14.584 3.025 212.694
West Bengal Inland 0.6123 0.9530 0.3523 0.9082
West Bengal Marine 0.5414 0.7962 0.5996 0.6339
West Bengal Total 0.9253 1.7715 0.2818 3.1382
Karnataka Inland 3.561 4.844 16.802 23.463
Karnataka Marine 14.63 21.39 7.977 457.517
Karnataka Total 7.479 9.12 8.53 83.182
Odisha Inland 1.01 1.752 3.134 3.071
Odisha Marine 1.472 2.229 7.896 4967
Odisha Total 2.556 4.326 4.894 18.711
Gujarat Inland 4.798 8.461 11.54 71.586
Gujarat Marine 16.21 22.569 6.038 509.351
Gujarat Total 21.413 29.575 5.873 874.692
India Inland 0.272 0.3481 0.8885 0.1211
India Marine 0.041 0.0991 0.0739 0.0098
India Total 0.1739 0.2379 0.24 0.0566
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After developing the all three models, based on
our objectives a comparison performance was employed.
Table 5 compares the performance of ARIMA models,
state space models, and XGBoost model. The evaluation
of XGBoost on the validation sample was based on four
criteria: root mean squared error (RMSE), mean absolute
error (MAE), mean absolute percentage error (MAPE),
and mean absolute scaled error (MASE). Lower values
across these metrics indicate better predictive accuracy.
Results showed that the ARIMA model outperformed the
state space model and XGBoost for predicting three
specific time series: marine fish production in Odisha,
marine fish production in India, and total fish production
in India, with notably lower error values across all
criteria, indicating high prediction accuracy.

However, Al Khatib et al. (2021) warned that
newer forecasting methods do not necessarily outperform
traditional methods in every case, as several factors (data
frequency, complexity, number of observations,
seasonality, cyclic variations, stationarity, trend, forecast
horizon, and randomness) can impact forecasting
accuracy.

XGBoost showed superior performance over
ARIMA and state space models in predicting eight time
series, including marine fish production in Andhra
Pradesh, West Bengal, and Karnataka, as well as various
inland and total fish production series in states like
Gujarat and Odisha. However, while XGBoost performed
well on the training data for all series, it showed signs of
potential overfitting, which may limit its generalizability
to the validation sample for some series.

Conversely, the state space model performed
better than both ARIMA and XGBoost in predicting
seven time series: inland and total fish production in
Andhra Pradesh, West Bengal, Karnataka, and Odisha.
This model may have captured complex, nonlinear
aspects of the data, including outliers, structural changes,
and time-varying factors, which ARIMA cannot handle
as effectively due to its requirement for stationary data.
State space models are advantageous for dynamic time
series with unobserved components and are more
adaptable to structural breaks and missing data.

Mishra et al. (2023b) argued that the limitations
of ARIMA stem from its linear assumptions, which can
hinder accuracy when data exhibit nonlinear interactions.
They recommended nonlinear modeling approaches for
cases where linearity is insufficient, as enforcing a linear
model on nonlinear data can reduce prediction accuracy.
This suggests that model selection should be based on the
data's underlying features rather than a strict preference
for linear models.

Ultimately, the best model is the one that
generalizes well to new data, as seen in the validation
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sample, rather than merely fitting the training data. In this
study, XGBoost emerged as the top performer in eight of
the eighteen series, followed by state space models in
seven series, and ARIMA in three series. These findings
underscore the value of evaluating multiple models on
both training and validation sets to select the most
appropriate approach for a given dataset.

Table 6 shows the forecasted fish production
(lakh tonnes (LT)). for five major fish producing states
and India from 2023 to 2030, using the best performing
predictive models.

The forecasted fish production values for major
fish-producing states in India—Andhra Pradesh, West
Bengal, Karnataka, Odisha, and Gujarat—as well as for
India as a whole, from 2023 to 2030, are presented in
lakh tonnes. These forecasts, generated using the best-
performing predictive models (ARIMA, state space, or
XGBoost) identified in the study, offer insights for food
security planning and policy-making. In Andhra Pradesh,
inland fish production is expected to remain stable at 41.9
LT annually, while marine production holds steady at 5.8
LT each year, resulting in a consistent total of 47.9 LT
per year from 2023 to 2030. Similarly, West Bengal’s
inland production is forecasted to stay at 16.5 LT
annually, with marine production remaining constant at
1.64 LT, leading to a stable total of 18.4 LT per year over
the same period. Karnataka’s inland production is
projected to hold steady at 4.8 LT, marine production at
4.386 LT, and total production at 10.74 LT annually from
2023 to 2030, showing no significant variation. In
Odisha, inland fish production is expected to remain at
7.82 LT, marine production at 2.01 LT, and total
production at 8.37 LT per year throughout the forecast
period. Gujarat’s inland production is forecasted to stay
constant at 1.65 LT, marine production at 6.83 LT, and
total production at 8.58 LT annually from 2023 to 2030.
At the national level, India’s inland fish production is
projected to remain stable at 37.75 LT each year, while
marine production shows steady growth, increasing from
129.5 LT in 2023 to 188 LT in 2030. Consequently,
India’s total fish production is expected to rise
consistently, starting at 172.9 LT in 2023 and reaching
246.5 LT by 2030, reflecting moderate growth in national
fish production. These forecasts indicate that major fish-
producing states are likely to maintain relatively stable
inland and total production levels through 2030, with
minimal year-to-year changes, while national marine and

total production are poised for moderate growth,
providing valuable data for stakeholders and
policymakers to  support sustainable fisheries

management and food security in India over the next
eight years.
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Table 5: RMSE, MAE, MAPE and MASE for validation sample (2020-2022).

ARIMA Models State Space Models XGBoost

RMSE MAE MAPE MASE RMSE MAE MAPE MASE RMSE MAE MAPE MASE
Andhra Pradesh Inland 3243 30.47 78.95 0.2801 3.5113 3.2972 8.34 0.0303 5.55 4.9054 11.98 0.0451
Andhra Pradesh Marine 0.6508 0.5789 10.02 0.0170 0.316 0.2867 4.974 0.0084 0.1956 0.1878 3.3172 0.0055
Andhra Pradesh Total 8.04 7.95 17.49 0.0573 3.2776 3.0753 6.77 0.0222 5.03 4.2622 9.07 0.0308
West Bengal Inland 1.1131 1.0786 6.54 0.0125 0.3032 0.2243 1.3482 0.0026 0.3961 0.3374 2.0334 0.0039
West Bengal Marine 0.237 0.1621 8.76 0.0125 0.2129 0.1467 8 0.0113 0.1622 0.1256 7.02 0.0097
West Bengal Total 163.23 151.75 831.03 1.6741 0.2661 0.2033 1.1112 0.0022 0.4212 0.3407 1.8567 0.0038
Karnataka Inland 1.4606 1.1308 29.76 0.0623 1.3186 0.9567 23.99 0.0527 1.1815 0.9969 28.52 0.0549
Karnataka Marine 40.25 40.23 952.91 1.2072 1.4307 1.0317 20.05 0.031 1.0372 0.9255 20.26 0.0278
Karnataka Total 2.9957 2.0704 21.72 0.0454 2.706 1.78 18.1 0.039 2.1424 2.019 25.72 0.0442
Odisha Inland 1.1568 1.1374 15.79 0.0547 0.6977 0.6721 9.3 0.0323 1.043 0.8934 11.98 0.043
Odisha Marine 0.186 0.1467 7.73 0.0133 0.1907 0.1479 7.77 0.0135 0.1791 0.1589 8.88 0.0145
Odisha Total 1.2761 1.239 13.7 0.0451 0.8535 0.8062 8.85 0.0293 0.9085 0.6903 7.27 0.0251
Gujarat Inland 14.17 14.17 854.17 0.9432 0.1973 0.1641 9.45 0.0109 0.1356 0.1206 6.98 0.008
Gujarat Marine 0.1085 0.0833 1.2158 0.0012 0.1051 0.0761 1.1112 0.0011 0.1061 0.0758 1.0856 0.0011
Gujarat Total 0.5245 0.4769 5.52 0.0065 0.2382 0.2279 2.6467 0.0031 0.1359 0.1143 1.3364 0.0016
India Inland 4.0819 3.6253 9.38 3.5799 4.0934 3.4267 8.79 3.3837 2.6808 2.3321 6.15 2.3029
India Marine 0.814 0.7795 0.6997 0.2555 8.03 8 7.09 2.6237 17.38 15.96 13.85 5.23
India Total 5.34 4.4737 2.8828 1.2099 9.97 8.92 5.79 2.4114 17.69 15.34 9.89 4.148

Table 6: Forecasting from 2023 to 2030 using best forecasting models for State-wise Fish Production and India.

Andhra Pradesh West Bengal Karnataka Odisha Gujarat India
Year Inland Marine Total Inland Marine Total Inland Marine Total Inland Marine Total Inland Marine Total Inland Marine Total
2023 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 858 37.75 129.5 172.9
2024 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 8.58 37.75 13791 1835
2025 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 858 37.75 146.26 194
2026 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 8.58 37.75 154.61 2045
2027 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 858 37.75 162.9 215
2028 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 8.58 37.75 171.3 2255
2029 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 858 37.75 179.6 236
2030 41.9 58 479 16.5 1.64 184 4.8 4386 10.74 7.82 2.01 8.37 1.65 6.83 8.58 37.75 188 246.5
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Conclusions: This study applied advanced time series
modeling and machine learning techniques, specifically
ARIMA, state space, and XGBoost models, to analyze
historical trends and forecast future fish production at
both state and national levels in India. Annual fish
production data from 1993 to 2019 were used for model
fitting, and the forecasting accuracy of each model was
rigorously evaluated using a validation sample from 2020
to 2022. While XGBoost initially outperformed ARIMA
and state space models on the training data, based on
evaluation metrics such as RMSE, MAE, and MAPE, the
validation sample revealed a different picture. XGBoost
and state space models generally exhibited superior
forecasting accuracy compared to ARIMA models for the
majority of the time series. A key observation was that no
single modeling approach proved universally best across
all 18 state-level and national datasets. This highlights the
importance for practitioners to consider and evaluate
multiple techniques when forecasting diverse agricultural
production time series. The forecasts generated from the
best-performing models suggest that major fish-
producing states like Andhra Pradesh and West Bengal
are likely to maintain relatively stable fish production
levels through 2030. In contrast, marine and total fish
production at the national level are projected to
experience moderate growth over the next eight years.
The analysis underscored that while XGBoost can
effectively capture complex patterns in training data, its
ability to generalize to new data can vary, and, state-
space models and even ARIMA models in some instances
demonstrated greater accuracy on the validation data.
This comprehensive analysis provided valuable, data-
driven insights into India's future fish supply, information
crucial for supporting effective food security planning
and informing policy-making decisions by relevant
stakeholders and authorities in the region. The established
forecasting framework can, through regular updates with
new data, be used for the long-term monitoring of fish
production patterns.
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