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ABSTRACT

This article develops a Hidden Markov Model (HMM) framework for identifying daily climate regimes in Sleman Regency,
Special Region of Yogyakarta, Indonesia. The observable vector combines log-transformed rainfall, mean air
temperature, relative humidity, sunshine duration, and wind speed, while the latent process represents dry-hot, transition,
and wet-humid regimes. The method includes multivariate Gaussian emissions, Markov transition probabilities, forward-
backward inference, Viterbi decoding, expected regime duration, and seasonal transition extensions. Because the user
did not supply a verified daily station dataset, the empirical section is explicitly presented as a reproducible illustration
using 3,653 synthetic daily observations for 2015-2024 calibrated to the documented monsoonal characteristics of
Yogyakarta and the location of the BMKG climatology station in Mlati, Sleman. The illustration yields regime occupancies
of 41.20% for dry-hot, 19.57% for transition, and 39.23% for wet-humid conditions. Mean rainfall is 0.67, 5.43, and
14.81 mm/day, respectively, while expected regime durations are 43.0, 9.4, and 32.5 days. Wet-humid occupancy exceeds
90% in January, February, and December, whereas dry-hot occupancy exceeds 90% from June to September. The
framework is data-ready for replacement with BMKG or validated reanalysis observations and provides a statistically
interpretable basis for climate monitoring, agricultural planning, drought preparedness, and hydrometeorological risk
management in Sleman.
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1. INTRODUCTION

Climate variability has direct consequences for water availability, agriculture, disaster risk, public
health, and infrastructure. Recent assessments emphasize that warming intensifies the hydrological cycle and
increases the need for local statistical systems that can distinguish persistent background conditions from short-
lived extremes [1]—[3]. For tropical regions, the practical challenge is not merely estimating an annual mean,
but identifying when the climate process switches between dry, transitional, and wet conditions and how long
each condition tends to persist.

Sleman Regency is an appropriate case because it extends from the urbanized southern part of
Yogyakarta to the southern flank of Mount Merapi, producing substantial spatial and temporal variation in
rainfall. The BMKG Climatology Station for the Special Region of Yogyakarta is located in Duwet,
Sendangadi, Mlati, Sleman and has operated as an independent climatology station since 2015 [4]. Recent
work reports long-term changes in drought characteristics within Sleman and a strong wet-season/dry-season
contrast across Yogyakarta [5], [6]. A local machine-learning study also shows that temperature, humidity,
rainfall, sunshine duration, and wind contain predictive information for Sleman weather conditions [7].
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Open reanalysis services can complement station observations when long, gap-free daily series are
required. Open-Meteo provides access to ERAS and ERA5-Land products, while the corresponding datasets
offer internally consistent temperature, humidity, precipitation, radiation, and wind fields [8], [9]. Recent
Indonesian validation and site-characterization studies show the value of ERA5-type products but also stress
that reanalysis must be checked against local observations before operational interpretation [10], [11].

Hidden Markov Models are particularly useful for this problem because they treat the observed climate
variables as outcomes generated by an unobserved regime process. Recent precipitation research has extended
HMMs through seasonal splines, variational Bayes, semi-continuous rainfall distributions, nonhomogeneous
transition probabilities, multisite structures, random-forest hybrids, covariate-dependent drought states, hidden
semi-Markov duration models, and continuous-time formulations [12]-[21]. These developments demonstrate
that HMMSs can represent regime persistence and switching more transparently than a single global regression.

The interpretation of Sleman regimes should also account for broader tropical drivers. Indonesian
rainfall extremes respond to ENSO and the Indian Ocean Dipole [22], while the Madden-Julian Oscillation
modifies daily and intraseasonal rainfall probabilities [23], [24]. Recent national studies further document
seasonal rainfall structure, differences among ENSO positions, MJO-related flood variability, dominant
monsoonal modes, coupled ENSO-IOD effects, and projected changes in precipitation extremes [25]-[30].
These findings motivate a regime-based model in which local weather states are persistent but not permanent.

This study has four objectives: (1) formulate an editable equation-based HMM for multivariate daily
climate data; (2) specify a reproducible sequence of preprocessing, estimation, decoding, validation, and
forecasting steps; (3) demonstrate the interpretation of dry-hot, transition, and wet-humid regimes through an
explicitly labelled illustrative Sleman dataset; and (4) provide a manuscript structure ready for replacement
with verified BMKG or reanalysis observations. The contribution is therefore methodological and statistical;
the illustrative numerical estimates are not official BMKG climate statistics.

2. LITERATURE REVIEW AND STATISTICAL FRAMEWORK
2.1. Climate Variability in Sleman and Yogyakarta

The Special Region of Yogyakarta has a pronounced monsoonal rainfall cycle. Long-term analysis
indicates that January is typically among the wettest months and August among the driest, with substantially
larger rainfall totals during December—February than during June—August [6]. Within Sleman, drought
behavior varies across decades and locations, reflecting both rainfall deficits and spatial differences from the
Merapi highlands to the southern lowlands [5]. This combination of seasonality, topographic influence, and
episodic extremes makes a fixed two-season classification too coarse for daily decision support.

The climate-regime concept represents each day by a latent categorical variable whose meaning is
determined from the joint profile of rainfall, temperature, humidity, sunshine, and wind. The observed vector
used in this article is

Y, = [log(1 + Ry), Ty, He, Se, We]® (1)
where R; is daily rainfall in millimetres, T; is mean air temperature in degrees Celsius, H; is relative
humidity in percent, S; is sunshine duration in hours, and W; is mean wind speed in metres per second. The
log transformation reduces positive skewness while retaining zero-rainfall days.

2.2. Hidden Markov Model

LetZ. € {1, ..., K} denote the hidden climate regime on day t. A first-order HMM assumes that the next
regime depends on the current regime rather than the complete past after conditioning on Z;. This assumption
is written as

Pr(Z;=jlZi1=1)= Dij ()
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The transition probabilities form a row-stochastic matrix

K
P = [pij]KxK; pij =0, Zpij =1 3
j=1
For the multivariate Gaussian HMM, the transformed observation vector conditional on regime k follows
Vel (Ze = k) ~ N (bt £) “)
with state-dependent density, where ¢, denotes the p-variate Gaussian density
fe &) = bp e i 2. )
The initial-state probability and the complete parameter collection are
K
T, = Pr(Z]_ = k), Zﬂk = 1, (6)
k=1
0= {T[,P,‘Lll, ---,/-11(,21,---,21(}- (7)

A rainfall-specific extension may replace the Gaussian component for R, with a point mass at zero and a
Gamma or exponential mixture for positive rainfall [13], [14], [20]. The multivariate Gaussian specification is
retained here because log(1 + R,) permits a compact joint model and straightforward interpretation of all five
climate variables.

2.3. Likelihood, Inference, and Decoding

The observed-data likelihood is obtained by summing the terminal forward probabilities

K
LO 1 yim) = ) atn (K). ®)
k=1
The forward recursion is initialized by (k) = mfi(y1) and propagated by
K
a.(j) = fj(}’t) Z A1 (i)pij- ©)
i=1
The backward recursion starts from Ba(k) = 1 and follows
K
Be® = ) by fierBess O, (10)
j=1

The smoothed posterior probability of regime k on day t is
ai(k k
0 = CeB) a1
Yo—1ac (D) (£)
For a single most probable regime sequence, the Viterbi recursion uses

6:(j) = ]cj(Yt)mialX{St—l(i)pij}- (12)

Parameters can be estimated through the Baum—Welch expectation-maximization algorithm or Bayesian

alternatives [12]-[18]. Candidate state counts may be compared using substantive interpretability, residual
checks, posterior classification, and an information criterion such as

BIC = —24(0) + qlog(n) (13)

where £() is the maximized log-likelihood, q is the number of freely estimated parameters, and n is the number
of daily observations.
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2.4. Duration, Forecasting, and Seasonal Transitions

The persistence of regime k is summarized by its expected duration

D= —— (14)
1= Prk
Given the filtered state probabilities &;, the one-day-ahead state distribution is
Pr(Zeps = Y1) = E7P (13)

A nonhomogeneous HMM can allow the transition probabilities to change with the annual cycle. For
destination j relative to a reference state i, a harmonic transition model is

logit(pije) = ¥ijo0 + vijh(de) (16)

where h(d,) = [sin(®dy), cos(wd)]", ® = 21/365.25, and d; is the day of year. This extension is particularly
relevant to monsoonal climates because persistence and switching probabilities differ between the wet season,
dry season, and transition months [15]-[18].

3. RESEARCH METHODS
3.1. Study Area and Data Design

The target case is Sleman Regency, Special Region of Yogyakarta, Indonesia. The reference location is
the BMKG Climatology Station in Duwet, Sendangadi, Mlati, Sleman [4]. A production analysis should use
quality-controlled BMKG daily observations or a validated reanalysis product at the station coordinate. The
variables should cover rainfall, mean temperature, relative humidity, sunshine duration, and mean wind speed,
preferably over at least ten complete years.

No verified observational dataset accompanied the uploaded source article. To avoid presenting invented
measurements as official evidence, the numerical section uses a transparent synthetic dataset of 3,653 daily
observations from 1 January 2015 to 31 December 2024. The generator was calibrated to the documented
Yogyakarta monsoon contrast: high wet-regime probability during December—March, high dry-regime
probability during June—September, and transitional behavior around April-May and October—November [5],
[6]. The generated CSV is an analytical demonstration only.

To provide a concise overview of the case-study setting, data coverage, observed variables, latent
regimes, and the status of the numerical illustration, the study design is summarized in Table 1.

Table 1. Study design for the Sleman climate-regime case

Component Specification
Target area Sleman Regency, Special Region of Yogyakarta, Indonesia
Reference station BMKG Climatology Station, Duwet, Sendangadi, Mlati, Sleman
Ilustrative period 1 January 2015-31 December 2024
Illustrative sample 3,653 daily observations

Rainfall, mean temperature, relative humidity, sunshine duration,

Observed vector ;
mean wind speed

Latent regimes Dry-hot, transition, wet-humid

BMKG station observations or locally validated ERAS/ERAS-

Intended operational sources Land reanalysis

Status of numerical results Reproducible simulation; not official BMKG estimates

3.2. Variable Definition and Preprocessing

The variables entering the multivariate Hidden Markov Model, together with their measurement units
and preprocessing treatments, are presented in Table 2.
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Table 2. Climate variables and transformations

Symbol Variable Unit Preprocessing / role
. . +R)); i
R Daily rainfall mm/day Use log(1 + Ry); inspect zeros
and extremes
T: Mean air temperature °C Range cl}eck and
standardization
H, Mean relative humidity % Range check to 0-100 and
standardization
St Sunshine duration hours/day Range cl}eck and
standardization
W, Mean wind speed m/s Nonneggtlve. check and
standardization
Z Hidden climate regime categorical Decoded from posterior

probabilities or Viterbi path

Missing values should be reported by variable and year. Short isolated gaps may be handled directly by
an HMM implementation that permits missing emissions, while long blocks should not be blindly interpolated.
Standardization is recommended so the covariance estimation is not dominated by variables with large
numerical scales. Extreme rainfall should be retained unless it is demonstrably erroneous, because regime-
switching information is concentrated in tail observations.

3.3. Step-by-Step Statistical Analysis

e Data acquisition and provenance. Retrieve daily observations from BMKG or a documented
reanalysis endpoint. Record station coordinates, elevation, units, temporal coverage, extraction date,
and all data revisions.

e Quality control. Check duplicate dates, impossible values, unit consistency, missingness, abrupt
instrument-related shifts, and suspicious runs of identical values. Compare monthly totals and means
with BMKG climatological summaries.

o Exploratory analysis. Plot daily and monthly series, wet-day frequency, rainfall intensity, empirical
distributions, autocorrelation, and cross-correlations. Examine seasonal contrasts before fitting the
latent-state model.

e Transformation and scaling. Apply log(1 + rainfall), standardize all variables using training-sample
means and standard deviations, and preserve the transformation parameters for forecasting.

e Candidate HMM estimation. Fit K =2, 3, 4, and 5 state models with multiple starting values. Use
scaled forward-backward recursions to avoid numerical underflow and estimate parameters by
Baum—Welch EM.

e State-number selection. Compare BIC, log-likelihood, convergence, posterior separation, residual
behavior, regime occupancy, and meteorological interpretability. Reject tiny or duplicate states even
when an information criterion improves slightly.

e State labeling. Order the decoded states from dry-hot to wet-humid using rainfall, humidity,
temperature, and sunshine profiles. Labels are assigned after estimation and do not constrain the
model.

e Transition and duration analysis. Estimate the transition matrix, expected duration, seasonal
occupancy, switching dates, and uncertainty in posterior state probabilities.

e Validation and sensitivity analysis. Use blocked holdout periods, posterior predictive checks,
alternative rainfall distributions, seasonal transition covariates, and comparisons with observed
wet/dry-season classifications.

© 2026 Ksatria Group. All rights reserved.
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e Forecasting and reporting. Generate one-day-ahead regime probabilities and conditional climate
summaries. Report uncertainty, data provenance, model limitations, and the distinction between
regime inference and deterministic weather forecasting.

The complete HMM analysis workflow is summarized in Figure 1.

Reproducible HMM workflow for Sleman climate-regime analysis

RR, T, RH, S5, WS MMs and interpret

Daily climate data Quality control
] and transformation ’

Estimate canddate]
H

Decode latent
climate regimes ]

Validate, forecast, ]

Model outputs: state profiles, transition probabilities, expected durations, seasonal occupancy, and one-step forecasts

Figure 1. Reproducible workflow for Hidden Markov analysis of Sleman climate regimes.

3.4. Ilustrative Simulation and Reproducibility

The illustrative series was generated from a three-state seasonal HMM with persistent diagonal transition
probabilities. Conditional rainfall occurrence and intensity were lowest in the dry-hot regime and highest in
the wet-humid regime. Temperature, humidity, sunshine, and wind were sampled from state-specific
multivariate distributions and restricted to physically plausible ranges. A fixed random seed was used so every
table and figure can be regenerated. In an observational application, this simulation step is removed and the
same downstream code is applied to the quality-controlled station data.

The three-state model is fixed for the illustration because it corresponds to the operationally interpretable
categories dry-hot, transition, and wet-humid. A real-data paper must repeat the candidate-state comparison
described in Step 6 and should not assume that three states are automatically optimal.

4. RESULTS AND DISCUSSION
4.1. Ilustrative Daily Regime Sequence

Figure 2 displays one representative year from the simulated series. Wet-humid periods combine
frequent rainfall, lower temperature, and reduced sunshine; dry-hot periods show the opposite profile.
Transition periods appear as shorter bridges between persistent wet and dry blocks. The latent regime is
therefore a multivariate climate condition rather than a rainfall-only category.

50 Illustrative daily climate series and latent regimes, 2022 32
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Figure 2. Illustrative rainfall, temperature, and latent climate regimes for 2022.

4.2. Regime-Specific Climate Profiles

To distinguish the meteorological characteristics of the three latent states, Table 3 reports the number of
classified days, regime occupancy, and the state-specific averages of the observed climate variables.
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Table 3. State-dependent climate profiles from the illustrative Sleman series

Regime Days Occ. (%)  Rain (mm) W‘Et,, /:i)ays Temp.(°C) RH (%)  Sun(h)  Wind (m/s)
Dry-hot 1,505 4120 0.67 16.01 2732 72.62 7.20 2.36
Transition | 715 19.57 5.43 53.01 26.55 79.88 5.09 2.04
Wet-humid 1,433 3923 14.81 82.07 2578 86.78 311 1.76

The dry-hot regime accounts for 41.20% of the simulated days. Its mean rainfall is 0.67 mm/day, mean
temperature is 27.32 °C, mean relative humidity is 72.62%, and mean sunshine duration is 7.20 hours. The
transition regime accounts for 19.57% of days and has intermediate values. The wet-humid regime accounts
for 39.23% of days, with mean rainfall of 14.81 mm/day, wet-day frequency of 82.07%, mean relative humidity
of 86.78%, and mean sunshine duration of 3.11 hours.

These profiles are meteorologically coherent with the monsoonal contrast reported for Yogyakarta [6]
and with the multivariate weather variables used in recent Sleman prediction research [7]. Nevertheless, the
exact values are consequences of the illustrative generator and must not be interpreted as estimated historical
normals.

4.3. Regime Persistence and Switching

The persistence and switching behavior of the inferred regimes are summarized through the estimated
transition probabilities and expected state durations presented in Table 4.

Table 4. Transition probabilities and expected regime duration

Current regime Next: dry-hot Next: transition Next: wet-humid Expected days
Dry-hot 0.977 0.022 0.001 43.0
Transition 0.048 0.894 0.059 9.4
Wet-humid 0.001 0.030 0.969 325

The estimated self-transition probabilities are 0.977 for dry-hot, 0.894 for transition, and 0.969 for wet-
humid. These values imply expected durations of approximately 43.0, 9.4, and 32.5 days, respectively. The
transition regime is intentionally less persistent, reflecting its role as a bridge between the two dominant
seasonal states. Direct switching from dry-hot to wet-humid or vice versa is rare in the illustrative sequence;
most seasonal changes pass through the transition state.

For a clearer comparison of within-state persistence and cross-state switching, the estimated transition
matrix is visualized in Figure 3.

Estimated transition probabilities

1.0

Dry-hot 0.001
0.8
-
>
= 0.6 =
: ;
©  Transition q @
(] =}
£ g
i 0.4 &
-3
ro.2
Wet-humid A 0.001
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0\'\1—“0 ‘(fanﬁ‘t\o \Ne\-\'\\.\m\

Regime on day t+1

Figure 3. Transition matrix of the illustrative three-state climate process.
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4.4. Seasonal Occupancy

To examine how the latent regimes are distributed throughout the annual monsoon cycle, Table 5 presents
the monthly occupancy percentage of each state.

Table 5. Monthly regime occupancy in the illustrative series

Month Dry-hot (%) Transition (%) Wet-humid (%)
Jan 0.0 6.1 93.9
Feb 0.0 6.4 93.6
Mar 0.6 19.7 79.7
Apr 14.0 42.7 433
May 46.5 38.7 14.8
Jun 94.7 53 0.0
Jul 94.8 5.2 0.0
Aug 96.5 35 0.0
Sep 91.0 8.0 1.0
Oct 46.8 432 10.0
Nov 7.3 48.0 447
Dec 0.0 7.7 92.3

The seasonal contrast in regime occupancy is further illustrated in Figure 4, which displays the monthly
composition of dry-hot, transition, and wet-humid conditions.

W Transjtion L

[ Dry-hot ! i et-humid |
Monthly occupancy of illustrative Sleman climate regimes

100 -

80 -

60 -

40 -

Regime occupancy (%)

20 1

Jan Feb Mar Apr

May Jun Jul
Month

Aug Sep Oct Nov Dec

Figure 4. Monthly occupancy of the illustrative Sleman climate regimes.

Wet-humid occupancy exceeds 90% in January, February, and December and remains dominant in
March. Dry-hot occupancy exceeds 90% from June through September. April-May and October—November
show the largest transition-state shares. This seasonal structure is consistent with the long-term Yogyakarta
rainfall contrast reported in recent local analyses [5], [6], while the regime-probability formulation retains day-
to-day uncertainty that a fixed monthly label cannot express.

4.5. Statistical and Practical Interpretation

To connect the statistical outputs with potential applications, Table 6 summarizes examples of how
regime probabilities and persistence measures may support climate-related decision-making.

© 2026 Ksatria Group. All rights reserved.
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Table 6. Example decision uses of the inferred regimes

Regime output Potential interpretation Possible use

High dry-hot probability Persistent low rainfall, warmer air, lower | Irrigation scheduling, drought watch, fire-

humidity, longer sunshine risk awareness

High transition probability Unstgble switching between seasonal Plan_tmg-wmdow gdjustment, short-term
conditions contingency planning

High wet-humid probability Frequf:nt rainfall, high humidity, lower F .lood/lagdshde rf:ad}ness, drainage and
sunshine disease-risk monitoring

Rising wet-humid transition probability Increasmg. probability of entry into a Probabl.h.stlc. early warning and resource
wetter regime pre-positioning

Multi-day operational planning and
communication

The HMM does not replace numerical weather prediction. Its principal value is probabilistic
summarization: it converts a high-dimensional daily series into a small number of persistent, interpretable
states and quantifies the uncertainty of state assignment. This can support climate monitoring and retrospective
risk analysis, while deterministic forecasts should continue to use operational BMKG products.

For an empirical Sleman paper, the most important robustness checks are: comparison of BMKG and
reanalysis variables; sensitivity to the number of states; Gamma or zero-inflated rainfall emissions;
nonhomogeneous seasonal transitions; blocked out-of-sample validation; and examination of whether ENSO,
10D, or MJO indices improve transitions [15], [18], [22]-[27]. A hidden semi-Markov model may be
preferable if observed wet or dry spells have duration distributions that differ substantially from the geometric
duration implied by a standard HMM [19].

Long expected state duration Regime likely to persist after entry

4.6. Limitations of the Present Case Study

The main limitation is deliberate and substantive: the numerical results come from a calibrated
simulation because the source PDF contained a French financial-market case and no Sleman daily climate
dataset was supplied. Accordingly, this article demonstrates statistical design, equations, workflow,
interpretation, and publication formatting, but it does not establish historical climate estimates for Sleman. A
second limitation is the single-location design; Sleman has strong elevation gradients, so a multisite HMM
using lowland, central, and Merapi-slope stations would better represent spatial heterogeneity. A third
limitation is the stationary transition matrix used in the illustration. Seasonal or climate-index-dependent
transitions should be estimated when verified observations are available.

5. CONCLUSIONS AND RECOMMENDATIONS
5.1. Conclusions

This article reformulates a Hidden Markov regime-switching methodology for the case of daily climate
variability in Sleman Regency. The model uses rainfall, temperature, relative humidity, sunshine duration, and
wind speed to infer persistent dry-hot, transition, and wet-humid states. The statistical framework includes the
transition matrix, multivariate emission densities, likelihood, forward-backward recursion, Viterbi decoding,
BIC, expected duration, forecasting, and a seasonal-transition extension, all presented as editable Word
equations.

The reproducible illustrative series shows how the model can summarize a monsoonal climate: dry-hot
and wet-humid regimes dominate the dry and wet seasons, respectively, while a less persistent transition regime
links them. These results demonstrate the interpretation of regime occupancy and persistence, not official
climate conditions. The final empirical conclusions must be recalculated from quality-controlled BMKG or
locally validated reanalysis data.
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5.2. Recommendations

Future work should obtain at least ten years of verified daily data from the BMKG Climatology Station
and additional Sleman rain posts, compare Gaussian, Gamma, and zero-inflated emission models, estimate
nonhomogeneous transition probabilities using annual harmonics and climate indices, and conduct blocked
out-of-sample validation. A multisite or hierarchical HMM is recommended to represent the regency’s
elevation gradient and to distinguish lowland rainfall from orographic rainfall near Mount Merapi.
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    Y  t =    [ log  ( 1 +   R  t ) ,     T  t ,     H  t ,     S  t ,     W  t ]  T


    R  t


    H  t


    S  t


  Pr  (   Z  t = j ∣   Z  t − 1 = i ) =   p  i j


  P =    [   p  i j ]  K × K ,       p  i j ≥ 0 ,       ∑  j = 1  K    p  i j = 1 .


    Y  t ∣  (   Z  t = k ) ∼   𝒩  p  (   𝜇  k ,   𝛴  k )


    f  k  (   y  t ) =   𝜙  p  (   y  t ;   𝜇  k ,   𝛴  k ) .


    𝜋  k = Pr  (   Z 1 = k ) ,       ∑  k = 1  K    𝜋  k = 1 ,


  𝜃 =  { 𝜋 , P ,   𝜇 1 , … ,   𝜇  K ,   𝛴 1 , … ,   𝛴  K } .


  L  ( 𝜃 ∣   y  1 : n ) =   ∑  k = 1  K    𝛼  n  ( k ) .


    𝛼  t  ( j ) =   f  j  (   y  t )   ∑  i = 1  K    𝛼  t − 1  ( i )   p  i j .


    𝛽  t  ( i ) =   ∑  j = 1  K    p  i j   f  j  (   y  t + 1 )   𝛽  t + 1  ( j ) .


    𝛾  t  ( k ) =     𝛼  t  ( k )   𝛽  t  ( k )    ∑  ℓ = 1  K    𝛼  t  ( ℓ )   𝛽  t  ( ℓ ) .


    𝛿  t  ( j ) =   f  j  (   y  t )  max  i  {   𝛿  t − 1  ( i )   p  i j } .


  BIC = − 2 ℓ  (   𝜃 ^ ) + q log  ( n )


    D  k =  1  1 −   p  k k .


    𝜉  t


  Pr  (   Z  t + 1 = ⋅ ∣   y  1 : t ) =   𝜉  t  T P


  logit  (   p  i j , t ) =   𝛾  i j , 0 +   𝛾  i j ⊤ h  (   d  t )

