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Abstract

Accurate and calibrated reference evapotranspiration (ETO) forecasts are essential for irri-
gation scheduling, yet many ETO studies report deterministic point forecasts and evaluate
only a limited number of forecast origins. This study compared deterministic and proba-
bilistic ETO forecasts at seven NCEI stations in northern and southern Xinjiang, including
Kashi, Hotan, Korla and Turpan as external stations. Daily records from 1 January 1984 to
16 May 2025 were divided chronologically into 70% training, 10% validation and 20% test-
ing. Four model families were evaluated: DLinear, ENMAMBA, CNNBiLSTM and Cross-
former. H7, H30 and H180 forecasts were assessed at all feasible test origins using mov-
ing-block bootstrap inference and Holm correction. Rolling conformal calibration gener-
ated probabilistic forecasts evaluated by dense-grid CRPS, PICP80, PICP90, MPIW80 and
MPIW90. A 2024 drip-irrigated cotton record was used to test how forecast strategies in-
teract with actual irrigation deliveries and generic sandy-loam parameters. DLinear
achieved the lowest H30 and H180 RMSE in the northern and external station groups.
Overall PICP80/PICP90 was close to nominal, but spring and summer intervals remained
under-covered. The irrigation simulation did not reproduce observed root-zone moisture;
its decision implications are therefore treated as a bounded sensitivity analysis rather than
a field-calibrated recommendation.

Keywords: reference evapotranspiration; probabilistic forecasting; DLinear; Mamba; con-
formal calibration; irrigation scheduling

1. Introduction

Reference evapotranspiration is a core variable in agricultural water management
because it links atmospheric demand to crop water use, irrigation requirements and re-
gional water allocation [1]. The FAO-56 Penman-Monteith formulation remains the refer-
ence method for calculating ETO0, but its application depends on complete meteorological
observations and is sensitive to data quality and local climate conditions [2]. In data-scarce
regions, machine learning and deep learning models have therefore been used to estimate
or forecast ETO from limited meteorological inputs [3,4].

Recent ETO forecasting studies have moved from classical regression to recurrent net-
works, convolutional recurrent models, attention mechanisms and hybrid decomposition
methods. Multi-step LSTM and Bi-LSTM models have been used for daily and forward
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forecasting [5], while encoder-decoder and optimized deep learning workflows have im-
proved multi-step ETO prediction [6,7,8]. Hybrid machine learning systems have also been
evaluated across climate regions and different input configurations [9,10,11,12]. More re-
cent studies have used improved Informer architectures, AI weather models and atten-
tion-enhanced autoencoders [13,14,15]. These studies establish that nonlinear models can
capture ET0 dynamics, but their evaluation usually stops at deterministic error metrics.

Irrigation decisions do not depend only on the expected ET0 value. They also depend
on the upper tail of future atmospheric demand, because an underestimated high-ETO
period can cause insufficient irrigation and crop water stress. Probabilistic multivariate
forecasting has developed rapidly through diffusion models and uncertainty-aware state-
space models [16,17]. ETO0 products and gridded estimates also contain substantial uncer-
tainty across regions and time scales [18,19]. Despite this progress, probabilistic ETO fore-
casting remains less developed than deterministic ETO prediction, particularly when com-
putational resources and meteorological inputs are limited.

Model complexity is another unresolved issue. Transformer models such as Cross-
former and iTransformer can model cross-variable and cross-time dependencies [20,21],
and TimeMixer explicitly combines multiscale seasonal and trend components [22].
Mamba and related selective state-space models offer linear-time sequence modeling
[23,24], but their practical advantage over simpler models depends on data size, horizon
and training budget. DLinear is a low-complexity alternative that decomposes a series
into trend and seasonal components and applies linear projections [25]. If DLinear pro-
vides similar accuracy and better calibrated uncertainty, it may be preferable for edge-
based irrigation systems and stations with limited computing resources.

This study addresses four questions. First, how do lightweight and high-capacity
deep learning models compare under a full rolling evaluation across seven stations in
northern and southern Xinjiang? Second, does the model ranking remain stable at external
South Xinjiang and Turpan sites that are not part of the northern core analysis? Third, can
model-agnostic conformal calibration provide reliable probabilistic ETO forecasts across
horizons and seasons without modifying each backbone? Fourth, how do forecast-based
irrigation strategies compare with a real 2024 irrigation-delivery record when soil and
crop parameters are explicitly treated as generic assumptions? The results are intended to
support conditional model selection and data-quality-aware irrigation analysis rather
than to claim that one architecture is universally superior.

2. Materials and Methods
2.1. Study area and data

The study used seven NCEI stations. Altay, Urumgi and Jinghe formed the northern
core, and Kashi, Hotan and Korla formed an external South Xinjiang group. Turpan was
retained as an additional arid low-elevation contrast. The seven stations span elevations
from 39.3 m at Turpan to 1,380.4 m at Kashi and represent northern mountain-fringe, ba-
sin, oasis and depression environments. Station metadata and roles are summarized in
Table 1. Daily records covered 1984-01-01 to 2025-05-16, giving 15,112 calendar days per
station.

Table 1. Station network, role and elevation.

Station Role Latitude Longitude Elevation (m)
Altay North core 47.7333 88.0833 737.0
Urumgqi North core 43.7833 87.6167 919.0
Jinghe North core 44.5667 82.8167 330.2
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Station Role Latitude Longitude Elevation (m)
Kashi External south 39.5429 76.0200 1380.4
Hotan External south 37.1333 79.9333 1375.0
Korla External south 41.7333 85.8167 903.0

Turpan Arid contrast 42.9500 89.2297 39.3

N

ETQ =

Maximum temperature, minimum temperature, dew-point temperature, precipita-
tion and wind speed were extracted from NCEI GSOD station archives. Temperature var-
iables were converted from Fahrenheit to Celsius. Wind speed was converted from knots
to metres per second and then adjusted from 10 m to 2 m following the FAO-56 logarith-
mic relation [1]. Station-specific NASA POWER daily files provided all-sky surface
shortwave downward irradiance in M] m-2 day-1. The POWER header identifies the
source product as CERES SYNldeg. These radiation data are not the MERRA2
M2T1INXRAD product, and this distinction is maintained throughout the study. POWER
precipitation was available for the four external stations and was compared with NCEI
precipitation. The three northern POWER files did not contain PRECTOTCORR, so inde-
pendent precipitation validation for those stations remains incomplete.

2.2. FAO-56 ETO calculation and quality control

The target variable was daily ETO calculated with the FAO-56 Penman-Monteith
equation. FAO Irrigation and Drainage Paper 56 remains the reference formulation for
daily reference evapotranspiration [1]. The equation combines an energy-balance term
and an aerodynamic term:

900 (1)
O408A(Rn - G) + ymuz(es—ea)

A+y(1+0.34uy)

where ETO is reference evapotranspiration (mm day-1), Rn is net radiation at the crop
surface (M] m-2 day-1), G is soil heat flux (M] m-2 day-1), Tmean is mean daily air tem-
perature (°C), u2 is wind speed at 2 m (m s-1), es is saturation vapour pressure (kPa), ea
is actual vapour pressure (kPa), A is the slope of the saturation vapour pressure curve
(kPa °C-1), and v is the psychrometric constant (kPa °C-1).

Mean daily temperature was calculated as Tmean = (Tmax + Tmin) / 2. Saturation
vapour pressure was calculated from Tmax and Tmin:

€0(Tinax) + €o(Tmin) ( 17.27T ) (2)
= T) =0.6108 —_—
2 o “P\T+2373
Actual vapour pressure was derived from dew-point temperature:
17.27Tgen (3)
= 0.6108 (—)
Ca XP\T o + 2373

Mean relative humidity was derived as RHmean = 100 ea / es and constrained to the
physical range 0-100% for the model inputs. Atmospheric pressure was adjusted for sta-
tion elevation, and the psychrometric constant was calculated from the adjusted pressure.
Extraterrestrial radiation Ra was calculated from latitude, solar declination and sunset
hour angle. Clear-sky radiation was estimated as Rso = (0.75 + 2 x 10-5 z) Ra, where z is
elevation in metres. Net shortwave radiation was calculated as Rns = (1 - a) Rs with an
albedo ot of 0.23. Net longwave radiation followed the FAO-56 formulation, and net radi-
ation was calculated as Rn = Rns - Rnl. Daily soil heat flux was set to zero following the
standard daily calculation.

All station files were checked for duplicate dates, missing calendar days, missing or
non-finite values, physically implausible ranges and NCEI flags. Missing calendar-day
fractions ranged from 0.106% at Kashi to 0.496% at Jinghe. Wind and relative-humidity
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anomalies were compared with monthly model error, but no single breakpoint explained
the ranking across all stations. The forecasting feature set was Tmax, Tmin, RHmean, u(x),
Rs and ETO0. Each station was trained and evaluated independently, and the external sta-
tions did not participate in the northern calibration or model-selection steps.

2.3. Chronological split and preprocessing

Each station was divided chronologically into 70% training, 10% validation and 20%
testing. No future information was used in scaling, calibration or model selection. Train-
ing statistics were used for standardization. The feature matrix at time t was defined as Xt
= [Tmax, Tmin, RHmean, u2, Rs] and the forecasting target was ETO. For a lookback win-
dow L and forecast horizon H, each model learned a mapping from X(t-L+1:t) to
ETO(t+1:t+H). The same lookback and forecast origins were applied across models.

All feasible rolling origins in the final 20% test partition were used. The first test
origin was 2017-02-05. H7, H30 and H180 had 3,017, 2,994 and 2,844 origins, respectively,
after removing origins whose targets extended beyond the available record. The training,
validation and test boundaries were identical for all models and seeds. This design pre-
vents information leakage from the test period into scaling, calibration or model selection.

2.4. Forecasting models
2.4.1. DLinear
DLinear was included as the low-complexity linear benchmark [25]. The model first
decomposes the input sequence into trend and seasonal components by moving average:
Xtrena = MovingAverage(X) (4)
Xseasonal = X — Xtrena ®)
The two components are projected to the forecast horizon by separate linear layers:

Y = WtrendXtrend+Wseasonaleeasonal (6)

The moving-average kernel controls the temporal scale of the trend component. The
main experiment used a kernel of 181 days. The 31-day and 365-day kernels were evalu-
ated in the decomposition ablation. DLinear has few parameters, does not use recurrent
state, and provides a transparent baseline for comparing accuracy against computational
cost.

2.4.2. ENMAMBA

ENMAMBA combines seasonal-trend decomposition with a selective state-space en-
coder [23,24]. The input series is decomposed into trend and seasonal components by a
moving-average filter. Each component is independently normalized and passed through
inverted data embedding. The trend branch and seasonal branch use separate Mamba en-
coders. A selective state-space model updates a latent state through input-dependent tran-
sitions:

hy = A¢ hy_1+B; x; (7)

Ye = Ce hy (8
where At, Bt and Ct depend on the input, allowing the model to retain or forget in-
formation according to the current sequence. The trend and seasonal outputs are projected
separately to the forecast horizon and then summed. In this study, the principal
ENMAMBA configuration used d_model =32, d_state = 16, two encoder layers, a moving-
average kernel of 181 days, a feed-forward width of 256 and one expert. State dimensions
of 16, 32 and 64 were evaluated in the ablation experiment.

2.4.3. CNNBILSTM

CNNBiLSTM combines convolutional feature extraction and bidirectional recurrent
modeling. A one-dimensional convolution is first applied along the time axis to capture
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passed to a bidirectional LSTM. The forward LSTM processes the sequence from the past
to the future, while the backward LSTM processes the reversed sequence:

9
hl = LSTM;(x;, hl_,) ®)
h? = LSTMpy (%, h2, 1) (10)

he = [, hY] (11)

The concatenated hidden state is passed through dropout and a linear prediction
head. In the mixed-variable configuration, the convolution receives all meteorological var-
iables jointly, so the model can learn interactions among temperature, humidity, radiation
and wind speed. In the channel-independent configuration, each variable is processed
separately and the interaction information is removed. The main model used a CNN

width of 128, a convolutional kernel of 3, one BiLSTM layer, a hidden size equal to the
CNN width and a dropout rate of 0.1.

2.4.4. Crossformer

Crossformer was included as a high-capacity attention benchmark [20]. The input is
divided into temporal segments, embedded into a d_model space and processed by a two-
stage attention encoder. The first stage applies attention across time steps within the same
variable. The second stage applies attention across variables. This design allows Cross-
former to represent both temporal dependence and cross-variable dependence. The de-
coder uses a learnable query representation, cross-attention on the encoder output and a
projection head. The main experiment used d_model =128, d_{f = 256, two encoder layers
and eight attention heads. Crossformer therefore serves as an upper-bound model for
cross-time and cross-variable representation, but it also provides a direct test of whether
a much larger model yields operational gains.

2.4.5. Supplementary architectures

The supplementary comparison included iTransformer, TimeMixer, xPatch,
PatchTST and MTGNN. iTransformer inverts the attention dimension and models rela-
tionships among variables [21]. TimeMixer combines multiscale seasonal and trend mix-
ing [22]. xPatch uses dual-stream seasonal-trend decomposition with patching [26].
PatchTST treats subseries as tokens [27]. MTGNN represents variable relations with a
graph neural network [28]. These architectures were used for structural ablation and
benchmark context rather than as the primary operational candidates.

2.4.6. Training configuration

All neural models used an input window of 730 days, a batch size of 64, Adam opti-
mization and an initial learning rate of 10-4. The main experiment used five epochs, pa-
tience 3 and all feasible rolling origins. The complete seed-2021 matrix contained 84 runs,
representing four models, seven stations and three horizons. H30 was repeated with seeds
2022 and 2023 to test initialization stability, adding 56 runs with no failures. A training-
budget check at Kashi H30 compared 5, 15 and 30 epochs for the four models. The main
hyperparameters are summarized in Table 2.

Table 2. Main model mechanisms and architecture-specific settings.

Model Mechanism Key settings Role
DLinear Moving-average decomposition and moving_avg=181/ seq_len=730 Low-complexity benchmark
linear projection
ENMAMBA Separate trend and seasonal Mamba d_model=32/ d_state=16/ e_lay- Lightweight state-space model
branches ers=2

EarthArXiv preprint | Non-peer-reviewed
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Model Mechanism Key settings Role
CNNBILSTM CNN feature extraction and mixed- d_model=128 / kernel=3 / Variable-interaction model
variable BiLSTM BiLSTM=1
Crossformer Two-stage cross-time and cross-vari- | d_model=128 / d_ff=256 / heads=8 / High-capacity benchmark

able attention layers=2

2.5. Probabilistic post-processing and conformal calibration

For each model, horizon and seed, validation-period predictions were reconstructed
from the saved model checkpoint. Residuals were defined as r = ET0,obs - ETO,pred. Seven
residual quantiles were estimated: 0.05, 0.10, 0.25, 0.50, 0.75, 0.90 and 0.95. These quantiles
were added to deterministic test predictions to form seven predictive quantiles:

q-(test) = ETy meqian(test) + q.(residual) (12)

Quantile crossing was removed by sorting the predicted quantiles at each lead time.
Four calibration paths were compared: raw validation quantiles, a fixed validation split,
a seasonal split and a rolling validation pool. The rolling pool began with validation re-
siduals and expanded as test origins advanced. Conformal offsets were applied separately
to the 80% and 90% intervals and evaluated by lead time and season:

L= da/2 (test) —c1-q (13)
Uy = d1-a/2 (test) +¢1-q (14)

where LI and UI are the calibrated lower and upper bounds and cl-a is the finite-
sample conformal offset estimated from calibration nonconformity scores. The absolute
residual score was used for symmetric intervals. The primary probability metrics were
dense-grid CRPS, Pinball loss, PICP80, PICP90, MPIW80 and MPIW90. Dense-grid CRPS
was used because the seven-quantile approximation differed by roughly 9-16%. Confor-
mal calibration was used as a model-agnostic layer so that probabilistic comparison did
not depend on a model-specific output head [16,17].

2.6. Irrigation decision experiment

A simplified daily root-zone water balance was used to convert ET0 forecasts into
irrigation decisions. The field validation used a 2024 drip-irrigated cotton site at 44.5625
N, 82.2280556 E on sandy loam. The reported irrigation season ended on 2024-09-10. The
actual delivery record contained 23 cotton-water-user events, 137.268 x 10"4 m3 of deliv-
ered water and a command area of 0.5907 x 1074 mu, corresponding to a seasonal depth
of 348.6 mm. Soil moisture was monitored at 20, 30 and 40 cm from 2024-05-24 to 2024-09-
23. The 10 cm record was excluded because it did not pass physical-range screening.

The simulated root-zone parameters were regional generic assumptions for drip-ir-
rigated cotton on sandy loam rather than field-calibrated measurements. The root depth
ranged from 0.25 to 0.80 m, field capacity from 0.24 to 0.30 m3 m-3, wilting point from
0.08 to 0.12 m3 m-3, management-allowed depletion from 0.55 to 0.70 of total available
water, event depth from 10 to 30 mm, minimum interval from one to three days and ap-
plication efficiency from 0.85 to 0.95.

Seven scheduling strategies were compared: deterministic median, probability mean,
Q75, Q90, Q95, a fixed seven-day schedule and a perfect-forecast reference. The perfect-
forecast reference used realized future ET0 under the same event-depth and interval con-
straints; it is not a globally optimal controller. The reported real delivery schedule was
evaluated as an additional benchmark. Forecast-based scenarios were tested under both
zero-rain and observed-rain information settings, and one-at-a-time sensitivity analyses
covered soil water limits, root depth, management-allowed depletion, event depth, mini-
mum interval, irrigation efficiency and cost.

The decision metrics were cumulative irrigation, irrigation events, deficit days, mean
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decision regret. The decision experiment follows prior work on irrigation scheduling with
imperfect weather forecasts and soil-water models [29,30,31,32,33], and it adopts the
FAO56 soil-water balance perspective [34].

2.7. Ablation and transfer experiments

Five ablation groups were evaluated. The decomposition group compared moving-
average scales of 31, 181 and 365 days and different seasonal-trend decompositions. The
probability group compared a DLinear model with an internal quantile head against de-
terministic DLinear with external conformal calibration. The variable-mixing group com-
pared channel-independent and mixed-variable CNNBiLSTM. The state group compared
different Mamba state dimensions. The transfer group evaluated zero-shot forecasting
from one station to another using the same feature set.

2.8. Metrics and statistical analysis

Deterministic performance was assessed with RMSE, MAE, NSE and KGE. Probabil-
istic performance was assessed with dense-grid CRPS, Pinball loss, PICP and MPIW.
Computational efficiency was assessed with training time, inference time and parameter
count. The main rolling matrix used seed 2021, and H30 initialization stability used seeds
2021, 2022 and 2023.

Paired model and baseline comparisons used moving-block bootstrap on rolling-
origin error blocks. The block length equaled the forecast horizon, 2,000 bootstrap repli-
cates were used, and Holm correction was applied within each station and horizon. RMSE,
MAE, CRPS, PICP and MPIW were reported with confidence intervals. Random-seed var-
iation was used only to describe initialization stability and was not treated as independent
temporal replication. The strongest simple benchmark was the 15-day smoothed seasonal
climatology estimated from training data only.

3. Results

3.1. Study domain and data completeness

The expanded evaluation covers seven stations and 15,112 days per station. The
northern core contains Altay, Urumgi and Jinghe, while Kashi, Hotan and Korla represent
the South Xinjiang oasis and Tarim Basin settings, and Turpan provides an arid depres-
sion contrast. Missing calendar-day fractions remain below 0.5% at every station. The
same 70/10/20 split was used for all sites, and the first rolling origin was 2017-02-05. H7,
H30 and H180 contain 3,017, 2,994 and 2,844 feasible origins, respectively. Table 1 sum-
marizes the station network and Figure 1 shows the original data and evaluation design.
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Figure 1. Core data and evaluation protocol. Monthly ET0 and precipitation, station locations and

the common chronological training, validation and test split for the original northern core. The ex-

ternal South Xinjiang and Turpan evaluation is shown in Figure 6.

3.2. Deterministic performance under complete rolling evaluation

The full rolling evaluation changes the earlier station ranking. In the northern group,

DLinear had the lowest mean RMSE at H7 (0.8274 mm/day), H30 (0.8471 mm/day) and
H180 (0.8476 mm/day). In the external group, CNNBiLSTM had a small H7 advantage
(0.8797 mm/day versus 0.8851 mm/day for DLinear), but DLinear was best at H30 (0.9033
mm/day) and H180 (0.9078 mm/day). The next non-DLinear external H30 result was
0.9164 mm/day for CNNBIiLSTM, and Crossformer reached 0.9415 mm/day. Regional

RMSE is summarized in Table 3.

Table 3. Regional rolling RMSE for DLinear and the best non-DLinear model.

Region Horizon DLinear RMSE Best non-DLinear Best non-DLinear Difference (%)
RMSE
External H180 0.9078 CNNBILSTM 0.9271 212
External H30 0.9033 CNNBILSTM 0.9164 1.45
External H7 0.8851 CNNBILSTM 0.8797 -0.61
Northern H180 0.8476 CNNBILSTM 0.8547 0.84
Northern H30 0.8471 Crossformer 0.851 0.46
Northern H7 0.8274 ENMAMBA 0.8368 1.14

The external stations are systematically harder than the northern core. DLinear RMSE

increases by 6.6-7.1% depending on horizon. The result supports a regional transfer

boundary: the H7 winner depends on the station group, while the H30 and H180 results

EarthArXiv preprint | Non-peer-reviewed
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Figure 2. Full rolling deterministic model comparison. Panels show mean RMSE, rolling-origin con-
fidence intervals, H30 seed stability and Holm-significant model comparisons across the seven sta-

tions.

3.3. Statistical inference and initialization stability

Moving-block bootstrap comparisons with Holm correction show that DLinear out-
performed persistence and the training mean in all 21 station-horizon combinations, and
outperformed the seasonal climatology in 15 of 21 combinations. Seasonal climatology
remains the strongest simple benchmark. DLinear is never the significantly inferior model
in any Holm-significant pairwise comparison.

H30 initialization stability is station-dependent. Across seven stations and three
seeds, DLinear is best in 13 of 21 station-seed combinations, Crossformer in 7 and
CNNBILSTM in 1. Crossformer is best at Altay and Urumgi in all three seeds, whereas
DLinear is consistently best at Hotan, Jinghe, Kashi and Turpan. The seed analysis sup-
ports local initialization stability without treating seeds as independent temporal repli-
cates. The training-budget check at Kashi H30 produced RMSE changes of 0.10%, 0.97%,
less than 0.01% and 0.15% for DLinear, ENMAMBA, CNNBiLSTM and Crossformer when
comparing 5 and 15 epochs. No model shows systematic underfitting under the main 5-
epoch budget.

3.4. Probabilistic calibration and conditional coverage

Rolling conformal calibration has the best overall probability performance among the
compared calibration paths. Its mean PICP80/PICP90 is 0.816/0.908 at H7, 0.815/0.907 at
H30 and 0.816/0.908 at H180. Dense-grid CRPS is lower than the seven-quantile approxi-
mation, with differences of about 9-16%. The denser score is therefore used for the revised
probabilistic comparison, and the earlier seven-quantile CRPS is retained only as an ap-
proximation. Table 4 summarizes the rolling deterministic and probabilistic performance
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319 Table 4. Rolling deterministic and probabilistic performance across models and forecast horizons.
Model Horizon RMSE CRPS Grid CRPS PICP80 PICP90 MPIW80 MPIW90 Coverage
(mm/day) (mm/day) delta (%) (mm/day) (mm/day) status
(PIPAIF)
DLinear H7 0.8604 0.4302 15.52 0.803 0.903 1.83 2.67 0/0/7
DLinear H30 0.8792 0.4404 15.67 0.805 0.903 1.89 2.74 0/1/6
DLinear H180 0.882 0.4437 15.45 0.803 0.902 1.9 2.76 1/6/0
ENMAMB H7 0.8755 0.4376 15.68 0.802 0.902 1.85 2.68 0/0/7
A
ENMAMB H30 0.894 0.4501 15.88 0.805 0.904 1.93 2.78 0/2/5
A
ENMAMB H180 0.9028 0.4565 16.08 0.803 0.902 1.97 281 2/5/0
A
CNNBILST H7 0.8659 0.4638 14.51 0.846 0.925 251 3.34 0/0/7
M
CNNBILST H30 0.8909 0.4799 14.75 0.845 0.924 2.57 3.43 0/1/6
M
CNNBILST H180 0.8961 0.4892 14.81 0.842 0.922 2.63 351 0/6/1
M
Crossformer H7 0.8972 0.5133 15.91 0.812 0.901 2.42 3.23 1/1/5
Crossformer H30 0.9027 0.4937 15.88 0.807 0.899 224 3.07 1/2/4
Crossformer H180 0.9053 0.5048 15.96 0.817 0.907 243 3.29 2/5/0
320 Figure 3 shows the reliability, lead-time and seasonal coverage diagnostics. Overall
321 coverage does not imply conditional coverage. PICP80 is approximately 0.68-0.72 in
322 spring and summer at H7 and H30, while winter and autumn approach or exceed nominal
323 coverage. For DLinear under rolling calibration, all seven H7 stations fail the joint criterion
324 and six of seven H30 stations fail, with one partial result. H180 is less severe, with one
325 pass and six partial results. Across all models, the H7 assessment contains 26 failures, one
326 partial result and one pass; H30 contains 21 failures, six partial results and one pass; H180
327 contains one failure, 22 partial results and five passes. The calibration layer improves av-
328 erage probabilistic scores but does not remove seasonal or site-specific undercoverage.
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Figure 3. Probabilistic calibration and conditional coverage. Panels show reliability, lead-time cov-
erage, seasonal PICP80 and the PASS/PARTIAL/FAIL assessment after joint overall, lead-time and

seasonal criteria.

3.5. Accuracy and computational efficiency

DLinear and ENMAMBA occupy the low-cost region of the accuracy-efficiency space.
DLinear requires about 123-147 s per run across horizons, ENMAMBA about 163-179 s,
CNNBiILSTM about 252-268 s and Crossformer about 280-369 s. Parameter counts range
from 10,234 to 263,160 for DLinear, 104,334 to 115,752 for ENMAMBA, 814,518 to 1,347,012
for CNNBIiLSTM and 2,109,970 to 2,142,226 for Crossformer. Inference latency is 4.1-5.2
ms for DLinear, 8.9-10.1 ms for ENMAMBA, 15.6-16.9 ms for CNNBiLSTM and 20.6-21.8
ms for Crossformer. Peak GPU memory remains below 10 MB for DLinear and
ENMAMBA but reaches about 43-45 MB for CNNBiLSTM and 28 MB for Crossformer.

The additional capacity of Crossformer does not produce a consistent gain. Under
the full rolling protocol, DLinear has the best regional RMSE at H30 and H180 and the
lowest dense-grid CRPS in both northern and external groups. Its value therefore lies in
the combination of accuracy, probabilistic quality and low inference cost.
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347 Figure 4. Accuracy, inference cost and parameter count. Panels show trainable parameters, meas-
348 ured GPU inference latency, peak allocated GPU memory and recorded training wall time.
349 Table 5 reports the corresponding parameter counts, training wall times, inference
350 latency and peak GPU memory.
351 Table 5. Parameters, training wall time, inference latency and peak GPU memory.
Model Horizon Parameters Training wall time (s) Inference latency Peak GPU memory
(ms/origin) (MB)
DLinear H7 10234 132.8 4.12 8.26
DLinear H30 43860 1334 4.44 8.39
DLinear H180 263160 146.6 5.19 9.23
ENMAMBA H7 104334 163.2 8.89 8.68
ENMAMBA H30 105852 167.3 9.23 8.69
ENMAMBA H180 115752 179.1 10.14 8.74
CNNBILSTM H7 814518 255.2 15.6 43.44
CNNBILSTM H30 885312 252.0 16.9 43.71
CNNBILSTM H180 1347012 268.2 16.14 45.47
Crossformer H7 2109970 280.1 21.18 28.27
Crossformer H30 2113426 292.3 20.57 28.29
Crossformer H180 2142226 368.9 21.82 28.4
352 3.6. Irrigation reconstruction using a real 2024 delivery record
353 The field record contains 23 cotton delivery events and a seasonal applied depth of
354 348.6 mm over the reported command area. The simulation with generic sandy-loam and
355 cotton parameters produces different behavior. Deterministic median and probability-
356 mean strategies apply about 605.8 mm, Q90 applies 613.6 mm and Q95 applies 620.4 mm.
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The fixed seven-day schedule applies 420 mm. The reported schedule applies substan-
tially less water but yields the largest modeled stress, whereas the forecast-based strate-
gies reduce modeled stress under the nominal parameter set.

This comparison is constrained by parameter uncertainty. The simulated 20-40 cm
moisture under the reported schedule has RMSE 0.0531 m3 m-3, MAE 0.0436 m3 m-3, bias
-0.0248 m3 m-3 and correlation 0.300 with observations. The generic simulation therefore
does not reproduce field water dynamics well enough to support a field-calibrated irriga-
tion recommendation. Sensitivity results show that small event depth, dry soil, low man-
agement-allowed depletion, shallow roots and low application efficiency increase stress
and can change strategy ranking. The reported schedule remains a real operational bench-
mark, but the model comparison is a bounded scenario analysis.

Table 6 reports the simulated strategy outcomes, and Figure 5 shows the field com-
parison and parameter sensitivity.

Table 6. 2024 irrigation strategy comparison under generic sandy-loam and cotton parameters.

Strategy Irrigation (mm) Deficit days Stress index Deep percolation Cost (CNY/ha)
(mm)
risk_q95 620.4167 1.3667 0.0006 23.9908 4963.3333
risk_q90 613.5833 2.0375 0.0012 18.5917 4908.6667
risk_q75 606.8333 3.0875 0.0022 14.0809 4854.6667
perfect_forecast_refer- 608.3333 3.625 0.003 14.0678 4866.6667
ence
probability_mean 605.8333 3.9167 0.0032 12.7201 4846.6667
deterministic_median 605.8333 3.9333 0.0032 12.8371 4846.6667
fixed_7day 420.0 76.6667 0.2931 59.2343 3360.0
actual_reported 348.5729 96.0 0.4022 0.0 2788.583
a b
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Figure 5. Irrigation reconstruction and parameter sensitivity. Panels show the irrigation-stress trade-
off, 2024 observed and simulated soil water, one-at-a-time Q90 sensitivity and zero-rain versus ob-

served-rain information scenarios.

3.7. Ablation results

The structural ablations are retained as supplementary context and are not used to
support the main model-selection claims. They examine variable mixing, decomposition
scale and state dimension on a smaller evaluation matrix. Their results are useful for
model diagnosis, but they do not replace the complete seven-station rolling comparisons
or the time-block inference reported above.

3.8. Cross-station transfer

The earlier northern three-station zero-shot transfer experiment is treated as explor-
atory supplementary evidence, not as the external validation for this paper. External va-
lidity is assessed by training and rolling evaluation at each of the seven stations. For a new
site without local training data, fine-tuning or a formal transfer test with target-specific
calibration is required before deployment.

3.9. External stations and data quality

All four external stations were evaluated at every horizon, not only at H30. The ex-
ternal-station RMSE for DLinear was 0.8851, 0.9033 and 0.9078 mm/day at H7, H30 and
H180, respectively. These values are 6.6-7.1% higher than the corresponding northern-
core results. CNNBiLSTM was slightly better at H7, but DLinear was best at H30 and H180.
Crossformer reached 0.9350-0.9431 mm/day in the external group, so its cross-variable at-
tention did not provide a consistent transfer advantage. Figure 6 summarizes the station-
quality and external-validation diagnostics.

POWER and NCEI precipitation were comparable in wet-day occurrence but not in
daily amount. Pearson correlations were 0.474 at Kashi, 0.441 at Hotan, 0.304 at Korla and
0.076 at Turpan; daily MAE was 0.149-0.366 mm/day and wet-day agreement was 94.9-
98.0%. NCEI missing calendar days ranged from 0.106% to 0.496%. Wind and humidity
anomalies had weak to moderate correlations with H7 error, and breakpoint years rarely
coincided across stations. Station-to-grid elevation differences were small at Altay and
Korla but large at Jinghe (-828.7 m), Turpan (-698.1 m), Hotan (-264.4 m) and Urumqi
(+181.7 m). MERRA2 M2T1NXRAD files were not available for the revision, so the inde-
pendent radiation sensitivity comparison remains unresolved.
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407 elevation differences.
408 4. Discussion
409 4.1. Model selection depends on horizon
410 The full rolling evaluation does not support a universal single-model conclusion.
411 DLinear had the best regional RMSE at H30 and H180 in both northern and external
412 groups and the lowest dense-grid CRPS under rolling calibration. H7 is region-dependent:
413 DLinear was best in the northern core, whereas CNNBiLSTM had a small average ad-
414 vantage in the external group. The station-level H30 seed analysis adds another qualifica-
415 tion: DLinear was best in 13 of 21 station-seed combinations, but Crossformer was con-
416 sistently best at Altay and Urumgqi. Model ranking therefore depends on station, horizon
417 and initialization as well as the evaluation protocol.
418 The external-station results matter for operational interpretation. Error increases in
419 the South Xinjiang and Turpan group, and the H7 ranking is not preserved. A single
420 northern-core ranking should not be used to select a model for a new oasis or depression
421 station. Local evaluation, or at least regional validation, is required before deployment.
422 4.2. Efficiency is a substantive model property
423 DLinear used roughly one-sixth to one-third of the training time required by Cross-
424 former, depending on horizon and concurrency. In an operational setting, this difference
425 affects retraining frequency, local deployment and the feasibility of running multiple en-
426 semble members. The DLinear results align with the original argument that a simple lin-
427 ear decomposition can be competitive with transformer architectures in time-series fore-
428 casting [25].
429 The result should not be interpreted as evidence that linearity is always sufficient.
430 DLinear was not uniformly best in point accuracy. Its value lies in the combination of
431 accuracy, calibrated uncertainty and resource use. This trade-off is particularly relevant
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for irrigation districts and edge systems that cannot maintain a large GPU training envi-
ronment.

4.3. Calibration changes the interpretation of model performance

Rolling conformal calibration had the best average performance among the com-
pared calibration paths. At H7, H30 and H180, its dense-grid CRPS was about 0.46-0.47,
compared with about 0.65-0.70 for the fixed validation split and raw validation quantiles.
The seasonal split produced narrower intervals but much worse coverage. Rolling cali-
bration therefore provided the most defensible common probability layer across models,
while still exposing conditional undercoverage [16,17].

Calibration did not solve all uncertainty problems. Rolling calibration matched over-
all PICP closely, but spring and summer PICP80 remained near 0.68-0.72, and H7/H30
failed the joint coverage criterion at most stations. The discrepancy indicates conditional
distribution shift, not only insufficient calibration-pool size. Seasonal and regime-aware
calibration should be tested, and operational use should report coverage by season and
lead time rather than a single overall PICP.

4.4. Decision value is site-specific

The 2024 field reconstruction shows why irrigation evidence must remain parameter-
aware. Forecast-based strategies apply roughly 606-620 mm under the nominal generic
parameter set, whereas the real delivery record applies 348.6 mm. The difference is large,
and the simulated soil moisture does not reproduce the 20-40 cm observations well (cor-
relation 0.300). The discrepancy can reflect generic soil and crop parameters, differences
between command-area deliveries and plot-level application, and the distance between
the field and the Jinghe weather station.

These results do not establish a field-calibrated irrigation benefit. They show that
strategy comparisons are sensitive to event depth, root depth, management-allowed de-
pletion, soil texture and application efficiency. The reported schedule is a valid opera-
tional benchmark, but the forecast strategies remain scenario-based. Field-specific FC, WP,
root-zone depth, rainfall, crop coefficients and yield or cost data are needed before oper-
ational recommendations can be made [29,30,33].

4.5. Limitations

Several limitations remain. Seven stations broaden the domain within Xinjiang, but
all are still in one broad arid and semi-arid region, so this is not a cross-continental exter-
nal validation. The radiation data are POWER/CERES daily values and should not be de-
scribed as MERRA2 M2TINXRAD radiation. MERRA2 sensitivity remains pending.
Northern POWER files lack precipitation, so precipitation validation is complete only for
the external stations. The field simulation uses generic sandy-loam and cotton parameters
and does not reproduce observed root-zone moisture; runoff, capillary rise, crop-specific
root growth and farmer behaviour are not represented. Long-horizon and seasonal inter-
val coverage remains imperfect. Finally, multi-seed stability is limited to H30, and the
training-budget sensitivity was evaluated at one representative station and horizon.

5. Conclusions

This study evaluated deterministic and calibrated probabilistic ETO forecasting
across seven stations in northern and southern Xinjiang using a complete rolling protocol.
DLinear had the lowest regional RMSE at H30 and H180 in both northern and external
groups and the lowest dense-grid CRPS under rolling calibration. H7 was station-depend-
ent, with a small CNNBIiLSTM advantage in the external group and a DLinear advantage
in the northern core. H30 initialization stability also varied across sites, so the results sup-
port a conditional model-selection rule rather than one universally best model.
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Probabilistic calibration improved average reliability and sharpness, but conditional
coverage remained poor in spring and summer and failed the joint criteria at almost all
H7 and H30 combinations. The 2024 field analysis further shows that generic soil and crop
parameters do not reproduce observed root-zone moisture, so the irrigation results sup-
port a bounded sensitivity assessment rather than a field-calibrated recommendation.
DLinear is a practical backbone under the tested protocol because it balances accuracy,
probability quality and low inference cost, but external evaluation and site-specific soil-
water calibration remain necessary before operational use.

Supplementary Materials: The following supporting information is available: Supplementary_Ma-
terials_Agriculture_Basel.xIsx, containing Tables S1-519 (model settings, rolling metrics, seed sta-
bility, pairwise tests, probability diagnostics, data-quality audits and irrigation sensitivity analysis);

Tables_Agriculture.xIsx, containing main Tables 1-6; and Figures 1-6 in 600-dpi PNG format.
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Abbreviations
Abbreviation Definition

ETO Reference evapotranspiration
FAO-56 FAOQ Irrigation and Drainage Paper 56

NCEI National Centers for Environmental Information
GSOD Global Summary of the Day
CRPS Continuous ranked probability score

PICP Prediction interval coverage probability
MPIW Mean prediction interval width
RMSE Root mean square error

NSE Nash-Sutcliffe efficiency
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