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Abstract22

Effective management of construction projects encounters significant chal-23

lenges, particularly due to frequent delays influenced by climatic variables.24

Anticipating weather-induced delays is crucial, and while various methods25

such as stochastic generators, productivity impact models, and machine26

learning tools are employed to model such gap, there remains a notable gap.27

Specifically, there is a lack of direct approaches that utilize easily accessi-28

ble historical meteorological data to model delays. This paper proposes a29

flexible non-parametric model designed to estimate the probability distribu-30

tion of construction project completion times by incorporating meteorological31

information. The proposed model enhances PERT-based approaches by in-32

corporating climatic effects to improve delay distribution estimation. This33

enhancement involves the direct modeling of productivity, coupled with the34

use of Monte Carlo simulation. A commercial version of the algorithm pre-35

sented is currently part of a solution utilized in over 70 projects across the36

UK. The results demonstrate the model’s utility in forecasting optimal start37

dates, estimating project completion times, establishing contractual limits38

for expected weather-related delays, and analyzing critical paths within the39

project. Additionally, a mathematically rigorous tool for model comparison40

is presented, allowing for hyperparameter optimization and the selection of41

the most suitable prediction model.42
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Model selection, Project planning, Forecasting44

1. Introduction45

Construction delays can arise from various factors, including incompe-46

tence, material and equipment shortages, and adverse weather conditions47

[1, 2, 3]. These delays negatively impact both owners and contractors, lead-48

ing to contractual penalties and reduced productivity. Among these factors,49

weather events are particularly significant due to their direct effect on pro-50

ductivity [4, 5]. Modeling weather-induced delays is challenging because51

weather events vary in time, location, and the specific conditions required52

for different construction tasks. Consequently, effective project management53

must accurately account for these conditions to minimize negative impacts54

on productivity and deadlines.55

This paper introduces a model designed to estimate the uncertainty in56

a project’s completion time due to weather conditions. By estimating the57

probability distribution of Z, the project’s duration in days, this approach58

enhances decision-making throughout the construction process. It helps de-59

termine the optimal start date and estimate the completion date by calcu-60

lating distribution quantiles. Additionally, the model can be updated during61

the project to provide real-time estimates of the completion date and assess62

whether weather conditions were atypical, relying solely on historical me-63

teorological data. A commercial version of the algorithm presented in this64

paper is currently part of a solution utilized in over 70 projects across the65

UK, serving more than 15 clients.66

Furthermore, a mathematically rigorous tool is proposed for optimizing67

the hyperparameters of our model, as well as those used in other models.68

The tool also facilitates the comparison of different models based on their69

performance in predicting delay times.70

1.1. Contributions71

The uncertainty surrounding Z is crucial for assertive decision-making;72

however, most studies focus on obtaining point predictions. Therefore, the73

main contribution of this work is to present a new non-parametric model to74

estimate the probability distribution of Z, capable of incorporating weather75

information to skillfully model delays.76

The proposed approach directly models the probability of executing each77

task on a given day, combining this information to estimate Z. This involves78
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modeling the temporal dynamics of task performance throughout the year,79

considering climatic factors. The execution of a task on any given day is80

represented by a Bernoulli random variable with a daily execution probability.81

This entails a stochastic process, described by a Markov Chain in discrete82

time. Historical meteorological data is then used to estimate the parameters83

of the chain, and the distribution of Z is obtained through Monte Carlo84

simulation.85

The model has hyperparameters that control the learning process. As86

a second independent contribution of this work, a mathematically rigorous87

tool for selecting the hyperparameter values is presented. This tool can also88

be used to compare and select hyperparameters of any models, not only the89

ones proposed in this paper.90

To demonstrate the practical utility of our method, Figure 1 showcases a91

byproduct of the model that estimates project durations as a function of the92

starting date. The results highlight the model’s effectiveness in providing93

accurate and actionable insights for project scheduling. The comparison94

between the model’s estimates and the actual project durations, represented95

by the observed lines at the bottom, underscores the method’s precision and96

reliability. Further details about the figure can be found in the section that97

presents real-world examples.98

1.2. Relation to Other Work99

1.2.1. Estimating Z100

Numerous studies investigate delays in construction projects using vari-101

ous variables and datasets. A conventional two-phase approach involves using102

climate generation models to simulate future climatic values day by day and103

subsequently projecting their impact on the construction schedule [5]. The104

first phase can be conducted using stochastic weather models [14, 6, 7, 8, 9]105

or Machine Learning methods (ML) [29]. The second phase assesses how106

the generated climate affects productivity, with substantial literature ded-107

icated to understanding the impact of weather and other factors on labor108

productivity [10].109

The two-phase approach can be effective in estimating if reliable stochas-110

tic models are available, especially for short-term projects. However, this111

approach differs from the one proposed in this work, which directly mod-112

els productivity. The model selection tool proposed in this work can be113

used to compare any set of models, including those based on the two-phase114

3
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Figure 1: Illustrative application of the method using real-world data: the model estimates
the distribution of project durations as a function of its starting date, providing valuable
insights for optimal project scheduling. The observed lines at the bottom represent actual
project durations, demonstrating the high accuracy of the model’s estimates.
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approach. Finally, it is worth noting that there are studies focused exclu-115

sively on modeling productivity impact, without necessarily predicting delays116

[30, 31, 32, 33, 10, 11, 12]. In these cases, researchers make inferences with117

the objective of interpreting the parameters involved in the model. While118

these impact-centric studies provide valuable insights into productivity loss119

and mitigation strategies but do not aim to model overall project delays.120

ML methods can also be used to directly predict the total project du-121

ration [13, 18, 19, 20, 21]. Generally, these studies identify general factors122

impacting delays, measure their impact primarily through surveys or histori-123

cal data from other projects, and train algorithms based on this information.124

The impact of weather is often represented by a variable that captures ex-125

ternal factors. The dataset used in these studies significantly differs from126

the one utilized here, as only historical meteorological data is employed here.127

Although it is possible to provide uncertainties, ML methods are typically128

employed to offer point predictions. Recently, some studies have used models129

that estimate uncertainties to evaluate project costs [22].130

Another well-established method for analyzing project schedules and un-131

certainties is the Program Evaluation and Review Technique (PERT) [23].132

Extensive literature proposes various extensions and case studies [24, 25, 26,133

15, 27]. PERT requires parametric distributions of activity durations, which134

are provided by experts or derived from other projects. The construction135

schedule is simulated using values from these distributions, and the estimate136

of Z is obtained through Monte Carlo simulations.137

Ballesteros-Pérez et al. [34] developed a model as an extension of PERT138

where task durations are determined not by parametric distributions but139

by Bernoulli experiments that assess the feasibility of performing tasks on140

each day of the year until the planned duration is achieved. In this model,141

uncertainty arises directly from meteorological data, and daily productivity142

follows a sinusoidal pattern throughout the year, making it parametric.143

The model proposed here extends this sinusoidal model by directly mod-144

eling working days using historical meteorological data. While it includes the145

sinusoidal wave model, it also offers flexibility to choose other methods, such146

as a non-parametric version and the use of Markov chains to introduce depen-147

dence between days. Non-parametric approaches generally perform better148

with larger training datasets [28], so it is expected that the non-parametric149

version will excel when abundant historical meteorological data are available150

or when the data do not conform to the expected parametric behavior.151
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1.2.2. Model Selection152

Validation of delay prediction models in construction projects is often153

conducted through case studies [17, 7, 6, 8, 14, 16, 15]. Although these studies154

provide valuable insights into the models, they offer limited information on155

how different approaches compare. The proposed tools complement case156

studies by providing a mathematically rigorous framework for comparing157

models that estimate the distribution of Z.158

An alternative approach to comparing models involves using cross-validation159

or data splitting to calculate machine learning (ML) metrics that assess the160

accuracy of predictions [13]. However, rather than relying on traditional161

ML metrics like mean squared error, which are intended for point prediction162

comparisons, the loss functions introduced here are specifically adapted to163

evaluate the performance of estimates of the distribution of Z.164

2. Materials and methods165

2.1. Overview166

The steps required to estimate the execution time of a construction project167

and measure the predictive quality of the model are summarized in Figure 2168

and detailed in the following sections.169

First, the construction schedule is defined. This schedule outlines the170

tasks needed to produce the deliverables, including their sequence, durations,171

and resource requirements [43]. Figure 3 provides an example of a fictitious172

schedule with tasks carried out sequentially, without accounting for weather-173

related delays.174

Next, the necessary climatic conditions for each task must be determined.175

Table 1, adapted from Ballesteros-Pérez et al. [34], shows the climatic thresh-176

olds that determine when specific tasks cannot be performed. For example,177

”earthworks” cannot be done if the average daily temperature is below 0ºC.178

In this study, it is assumed that climatic limits are assumed for the perfor-179

mance of tasks and that their impact does not extend to subsequent days.180

Using historical weather data and the defined climatic conditions, the181

days in past years is identified when each task could have been performed.182

This helps estimate the likelihood of completing each task on any given day183

of the year. Monte Carlo simulation is then used to generate samples of184

the distribution of Z, allowing us to estimate the distribution and identify185

important details about delays, such as quantiles and variances. The next186

section explains this estimation process in detail.187
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Figure 2: Sequence of steps to estimate the construction project and measure the predictive
quality of the model.

Figure 3: Construction schedule represented by a finite network of arcs, where the nodes
represent the activities of earthworks (E), concrete (C), formwork (F), steelwork (S), out-
door painting (O), and pavements (P). For each task, a planned duration is associated
below the node.
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Weather variable E C F S O P

Minimum temperature ≤ 0ºC x x
Average temperature ≤ 0ºC x x x

Maximum temperature ≥ 40ºC x x x
Precipitation ≥ 1 mm x x
Precipitation ≥ 10 mm x x x x
Precipitation ≥ 30 mm x x x x x
Wind gusts ≥30 knots x x x x

Table 1: Weather limits for type of tasks: earthworks (E), concrete (C), formwork (F),
steelwork (S), outdoor painting (O), and pavements (P). “x” denotes conditions under
which the task cannot be performed.

2.2. Decomposing the project execution time188

Consider a project composed of a set of p tasks, represented by t =189

{1, . . . , p}. The schedule of Figure 3 contains p = 12 tasks. Although the190

tasks do not overlap in this schedule, the method can be easily applied when191

they do intersect. The project execution time, Z, is defined as the number192

of days until all p tasks are completed, taking delays into account. The193

objective is to model the distribution of Z by considering the execution time194

of each task, including delays due to climate factors.195

To achieve this, let the random variable X
(t)
i,y indicate whether task t was196

executed on day i of year y considering climatic factors:197

X
(t)
i,y =

{
1 if task t was executed on day i of year y,

0 otherwise.

It is assumed that the annual behavior repeats each year, so X
(t)
i,y and198

X
(t)
i,y′ share the same distribution for all y, y′. Two models are provided: the199

first assumes that, for each task t, X
(t)
i,y are independent random variables.200

The second uses a discrete-time Markov chain.201

More concretely, the first model assumes X
(t)
i,y ∼ Bernoulli(θ

(t)
i ), where θ

(t)
i202

is the probability of completing task t on the i-day of a given year, with X
(t)
i,y ’s203

independent for each fixed t. The second model uses a first-order Markov204

chain with transition probabilities:205

P(X(t)
i,y = 1|X(t)

i−1,y = s) = P
(t)
i (s).

8

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4968825

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



Notice that, given a starting day and year, Z is a deterministic function of206

X
(t)
i,y ’s. Therefore, after θ

(t) = (θ
(t)
1 , . . . , θ

(t)
365), P

(t)(0) = (P
(t)
1 (0), . . . , P

(t)
365(0)),207

or P(t)(1) = (P
(t)
1 (1), . . . , P

(t)
365(1)) have been estimated (see the next section208

for details), Z can be sampled from this model by using Monte Carlo simu-209

lation to sample X
(t)
i,y ’s with the estimated parameters. This method easily210

incorporates task dependencies (see Supplementary Material S1 for details).211

For multiple tasks on the same day, each task is checked independently.212

The Monte Carlo samples can be used to approximate α-quantiles and213

the mean of Z. They can also estimate Z’s distribution via kernel density214

estimation or discrete versions [41, 42].215

2.3. Estimating the model parameters216

This section describes the methodology for estimating θ
(t)
i , P

(t)
i (0) and217

P
(t)
i (1). The datasets H(1), . . . ,H(p) represent three-dimensional binary ma-218

trices for each task. The element H
(t)
l,y,i ∈ {0, 1} indicates whether task t was219

executable at location l and on the i-th day of year y.220

To estimate θ
(t)
i , a smoothing function f (t) is applied to H(t):221

θ̂
(t)
i = f (t)(H(t)).

The function f (t) is a weighted average, using weights wloc, wdoy, and wyear222

for location, day of the year, and year, respectively:223

θ̂
(t)
i =

∑
l∈L

∑365
i′=1

∑
y∈Y wloc(l0, l)wdoy(i, i

′)wyear(y0, y)H
(t)
l,y,i′I(H

(t)
l,y,i′ ̸= ∅)∑

l∈L
∑365

i′=1

∑
y∈Y wloc(l0, l)wdoy(i, i′)wyear(y0, y)I(H(t)

l,y,i′ ̸= ∅)
.

The weights measure proximity, ensuring the sum equals 1 and ignoring null224

values. This non-parametric approach does not assume specific data behav-225

ior.226

The vector θ̂(t) represents the probabilities of executing task t throughout227

the year. After smoothing, a parametric model f
(t)
s (e.g., sinusoidal waves)228

can be fitted to θ̂(t).229

2.3.1. Choosing wyear(y0, y) - Exponencial decay230

Assuming the distribution of climatic conditions over the years is station-231

ary can be plausible. However, weighting years differently can help capture232

temporal trends. If climate change affects conditions or recent years are more233

representative, weights with exponential decay can be used:234
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wyear(y0, y) = αy0−y,

where y0 is the project start year and α > 0 defines the decay degree, with235

α = 1 indicating a stationary distribution. This method allows for capturing236

climate change effects by giving more weight to recent years. For instance,237

if a task depends on average temperatures that are rising, it may be suitable238

to assign greater weight to recent years.239

2.3.2. Choosing wdoy(i, i
′) - Moving average240

Adopting a moving average approach, weights can be defined as:241

wdoy(i, i
′) =

{
1 , if (|i− i′| mod

[
365− k

]
) < k

0 , other wise

where k represents the size of the moving window. Note that the end and the242

beginning of the year are connected and close. If k = 0, only the information243

from that day is used, resulting in an estimator with high variance; k −→ ∞,244

this variance is reduced, but the bias is increased.245

2.3.3. Choosing wloc(l0, l) - Euclidiane distance246

To model the weights associated with the construction location, distance247

measures or interpolation methods can be used. For example, greater weights248

can be assigned to locations closer to location l0, where the project will be249

executed. This can be done as follows:250

wloc(l0, l) =
1

d(l0, l)
,

where d(l0, l) represents the distance between locations l0 and l. The Eu-251

clidean distance between latitude and longitude is commonly used, but other252

measures, such as the geodesic distance, which better considers the globe’s253

topology, can be adopted as needed. When |L| = 1, weights are not needed,254

so wloc(l0, l) = 1.255

2.3.4. Choosing f
(t)
s - Senoidal wave256

A parametric behavior in the data can be considered, such as sinusoidal257

wave expressions [15]:258

θ̂
(t)′

i = f (t)
s (θ̂

(t)
i ) = K(t) + A(t) cos

(
2πf (t)

[ j

365
− φ(t)

])
,

10
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where K(t) is the vertical offset, A(t) is the wave f (t) is the frequency (with259

f (t) = 1 corresponding to a complete oscillation), and φ(t) corresponds to the260

day of the year when the sinusoidal wave reaches its maximum value. In this261

case, the values of K(t), A(t) and f (t) are obtained by fitting the model to262

θ̂(t) using least squares.263

2.3.5. Markov Chain264

The values of P̂
(t)
i (s) can be estimated similarly to θ̂

(t)
i by using only265

the elements of the matrix H(t) that correspond to the same states in the266

transition matrix. Elements that do not match the state sequence of the267

transition matrix are set to null (∅). In other words, only information from268

the previous day that matches the same state s ∈ {0, 1} is utilized, while all269

other elements are treated as null.270

2.3.6. Hyperparameters271

Table 2 lists the model’s hyperparameters that need to be selected for the272

method presented here. In the next section, loss functions will be presented273

that can be used to select the best combination of hyperparameters for the274

dataset. An application of hyperparameter selection using simulated data is275

available in Supplementary Material S2.276

Hyperparameter Range Description
alpha [0, 1] Degree of exponential decay.

smoothing N+ Size of the moving window.
cosine Boolean If True, a sinusoidal wave is fitted.
mc Boolean If True, a Markov chain is used.

Table 2: List of hyperparameters used in the model, with their respective ranges and
detailed descriptions.

2.4. Model selection277

The dataset is temporally split into two parts: training and validation.278

Using the training set, n estimates for p(z|j, y) are created: p1(z|i, y), . . . , pn(z|j, y),279

where j represents the day of the year and y the year of project implemen-280

tation. Each estimate may originate from different configurations of tuning281

parameters of a given model, or they may be entirely different models.282

The goal of this section is to select the model that best approximates283

the true f . To achieve this, variations of the validation datasets, denoted284
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as (Z1, I1, Y1), . . . , (Zm, Im, Ym), are created using various temporal splits of285

the original validation dataset. Specifically, different starting dates (Ik, Yk)286

are randomly chosen. The Zk values are then obtained by applying the287

construction schedule to data after the chosen start date, reflecting actual288

observed weather conditions.289

Given a loss function L, the risk of an estimate f̂ can then be estimated290

via291

R̂(f, f̂) =
1

m

m∑
k=1

L(Zk, p̂(z|Ik, Yk)).

Two loss functions were considered: one measuring p̂’s performance di-292

rectly and another focusing on estimating the upper tails of the distribution293

p(z). More details and comparisons are available in Supplementary Material294

S3.295

2.4.1. Density loss296

Inspired by the CDE loss for continuous problems [37, 38, 39, 40], the297

loss function L directly compares the estimated distribution with the true298

distribution,299

L(p, p̂) =
∑
z

(p(z|i, y)− p̂(z|i, y))2 ,

where L depends on the true distribution p(z), making it impossible to300

calculate. Fortunately, R̂ can be decomposed using the expression301

L(p, p̂) =
∑
z

p̂2(z|i, y)− 2p̂(Z|i, y) +K,

where K is a constant that does not depend on p̂. Thus, K does not need302

to be calculated to rank the model p̂ according to L.303

The term
∑

z p̂
2(z|i, y) takes into account the shape of the distribution,304

penalizing distributions that are too concentrated. On the other hand, the305

term p̂(Z|i, y)) represents the probability associated with the observed value,306

and it is desirable that this probability is high for the observed value. It307

is important to note that if the density is poorly estimated and does not308

contain the observed value, only the shape of the distribution is considered309

in the loss function.310
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2.4.2. Weighted pinball loss311

The proposed loss is based on the pinball loss Lα(z, ẑα), commonly used312

in α-quantile regression [35, 36]:313

Lα(z, ẑα) =

{
(z − ẑα)α if z ≥ ẑα

(ẑα − z)(1− α) otherwise

where z is the actual construction duration and ẑα is the estimated quantile.314

The approach presented here extends the standard pinball loss by combining315

multiple α values to estimate model uncertainty, using a weighting function316

w to assign weights to each α. The weighted loss Lw(Z, p̂) is defined as:317

Lw(Z, p̂) =

∫
w(α)Lα(Z,Q(α))dα

where Q(α) is the α-quantile of p̂.318

The weighting function w(α) can be chosen to emphasize different parts319

of the distribution based on the application. In construction projects, es-320

timating the upper tails of p(z) is crucial to ensure the observed value lies321

within the density with high probability. Thus, weighting the right tail, e.g.,322

w(α) ∝ α2, is appropriate, making higher α values more significant. Alterna-323

tively, other weights can adjust the focus on different quantiles. For instance,324

the left tail can be emphasized using w(α) ∝ (1− α)2, or both tails equally325

with w(α) ∝ (α− 0.5)2.326

3. Results and discussion327

Daily meteorological data from the UK, following criteria similar to Ballesteros-328

Pérez et al. [34], were used. The MIDAS dataset [44] includes daily records329

of precipitation, temperature, and wind speed from 1985 to 2020. Similar330

inclusion and exclusion criteria for weather stations were applied. Missing331

values were imputed with a 7-day moving average if at least three observa-332

tions were available. Stations with significant data gaps in the validation and333

test sets were excluded, resulting in 68 stations selected for analysis.334

The schedule from Figure 3 and the climatic limits from Table 1 are335

used. The fixed project duration is 160 days, disregarding regional climatic336

conditions. Due to many missing values for hail, snow, and thunderstorms, a337

reduced set of variables is used. The probability of workable days is estimated338

using only days with complete data for all selected variables. The codes used339

in this study are openly available on Github [48].340
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3.1. Test dataset341

The climate in the UK is changing, with recent decades being warmer,342

wetter, and sunnier than the 20th century [45]. In the analysis, 2018 was343

identified as an outlier due to a shorter project execution time. To highlight344

this, project durations were compared by climate station and month against345

previous years. The real quantile was calculated by comparing each value346

with historical values for the same station and month. Figure 4 shows the347

expected and observed quantiles from 2017 to 2020, highlighting the atypical348

nature of 2018. According to Kendon et al.[46], the average temperature in349

the UK for 2018 was 9.5°C, which is 0.6°C above the long-term average of350

1981–2010, making it the seventh warmest year in the UK series since 1884.351

Additionally, rainfall was below average, with only 92% of the 1981–2010352

average, making it the driest year since 2010. In contrast, the amount of353

sunshine was 114% of the 1981–2010 average, making 2018 the third sunniest354

year since 1929. Notably, the summer of 2018 was one of the hottest, driest,355

and sunniest summers experienced by the UK in over 100 years, being the356

hottest summer since 1884 and the driest since 1995. The combination of357

these climatic factors contributed to a faster-than-expected project execution358

time, explaining the real quantiles being significantly lower than the expected359

quantiles. Due to this, the selected test set includes the years 2017, 2019,360

and 2020.361

3.2. Hyperparameter tunning362

Hyperparameter optimization was performed weekly for each weather sta-363

tion from 2013 to 2016, excluding holidays and weekends. The hyperparam-364

eters considered were:365

• alpha = {0.9, 0.95, 1};366

• smoothing = {0, 7};367

• cossine = {False, True};368

• mc = {False, True}.369

Figure 5 shows the count of stations for each hyperparameter combina-370

tion. The results indicated that alpha = 1 performed best in 65% (44) of the371

stations, while other stations prioritized more recent years. In 81% (55) of372

the stations, Markov chains improved the model. In 47% (32) of the stations,373
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Figure 4: Comparison of expected quantile with real quantile for years 2017, 2018, 2019,
and 2020.
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sinusoidal waves were fitted after smoothing, indicating the data’s paramet-374

ric behavior. In 37% (25) of the stations, sinusoidal waves combined with375

Markov chains showed that conditional probabilities have annual seasonali-376

ties. These findings allow for a rigorous comparison of estimated distributions377

and the best model selection considering all uncertainties.378

3.3. Model selection379

The proposed model was compared with a conventional two-step ap-380

proach, which uses a weather generation model to simulate daily climatic381

values and project the impact on the construction schedule. The model by382

Apipattanavis etl al. [47], employing a semiparametric weather generator,383

was chosen for comparison. This model uses a first-order Markov chain to384

model precipitation states and the k-NN method to approximate the condi-385

tional PDF. Neighbors are selected based on the Markov chain sequence, and386

climatic variables are simulated using normalized weights.387

The primary selection criterion was superior performance in the right-tail388

pinball loss, focusing on upper quantile estimation. If no significant difference389

was found, overall pinball loss performance was used to choose a model that390

estimates the entire distribution well. Density loss was also considered to391

avoid overly concentrated distributions. The Wilcoxon test was used for392

sample comparison at a 5% significance level.393

Results showed no statistical difference in 40% (27) of the cases. The pro-394

posed model performed better in 49% (33) of the cases, while the compared395

model performed better in 12% (8) of the cases. The proposed loss functions396

helped compare models and select the most suitable one for each dataset.397

3.4. Project Start Date398

Station 908 was chosen to demonstrate the model’s application. Figure 6399

shows estimated probabilities throughout the year, indicating higher proba-400

bilities in mid-year. Figure 1 presents the estimated and actual project start401

dates for each month, ranging from 263 to 339 days. This variation high-402

lights the importance of selecting an appropriate start date to reduce project403

duration and costs [15].404

The distributions for March and February show the shortest execution405

times, starting near periods of highest task execution probabilities. January406

and April also benefit from high probability periods mid-year. Densities for407

the second half of the year are higher due to lower probabilities, resulting in408

longer execution times.409
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Figure 5: Count of stations for each selected hyperparameter combination, using right-
tail weighted pinball loss. The bar charts on the diagonal present the count of stations
for each hyperparameter individually, while the heat maps show the count for pairs of
hyperparameters.
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The model can simulate different start dates to identify the most suitable410

one. With project duration distributions, productivity losses due to weather411

can be anticipated. Quantiles can set contractual limits for expected delays;412

for example, the 95th quantile measures maximum expected delay from ad-413

verse weather. Post-project, the actual duration quantile can assess weather414

impact, aiding compensation negotiations with the contractor.415

Figure 6: Probability of execution of each task throughout the days of the year, for station
113. Each row represents a specific task.

4. Conclusion416

Construction delays, caused by factors like incompetence, lack of mate-417

rials, and adverse weather, negatively impact both owners and contractors,418

potentially triggering contractual clauses. This work proposes a method to419

model the probability of workable days and estimate project execution time420
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distributions considering weather conditions. The method uses loss mea-421

sures to select the best model from a set of candidates, allowing for rigorous422

comparison of estimated distributions.423

Experiments demonstrated the optimization of hyperparameters and showed424

that weather conditions vary monthly, influencing estimated distributions.425

The model can help choose the most appropriate start date by simulating426

different scenarios. It also allows for simulating task start dates, analyzing427

schedules, identifying critical stretches, and organizing activities to reduce428

costs.429

During execution, the model can be updated with weather data to im-430

prove end date estimates and verify the impact of weather on the schedule.431

Comparing estimated distributions with actual project durations can help432

mediate negotiations between parties.433

Climatic limits are considered to prevent task execution, while meteoro-434

logical conditions reduce productivity. Tasks are assumed independent; if435

not, they can be modeled as combined tasks or through climatic limit proba-436

bilities. A Markov process can also be used to consider interactions between437

climatic variables.438

The approach can incorporate non-climatic factors, treating planned tasks439

as random variables using PERT approaches. This includes expert knowl-440

edge to add uncertainties to planned durations, integrating climatic effects441

into simulations. Extensions can introduce resource constraints and other442

complexities.443

This research has broader implications beyond construction, applicable444

to industries facing unpredictable challenges. The model’s adaptability to445

various project scales can enhance strategic planning, execution, and risk446

management. In sum, it offers a significant tool for managing weather-related447

project delays.448
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Pellicer, E., Mora-Melià, D., del Campo-Hitschfeld, M. L. (2017).513

Weather-wise: A weather-aware planning tool for improving construc-514

tion productivity and dealing with claims. AUTOMATION IN CON-515

STRUCTION, 84, 81-95.516

[16] Guo, S. J., Chen, J. H., Chiu, C. H. (2017). Fuzzy duration forecast517

model for wind turbine construction project subject to the impact of518

wind uncertainty. Automation in Construction, 81, 401-410.519

21

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4968825

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



[17] El-Rayes, K., Moselhi, O. (2001). Impact of rainfall on the productivity520

of highway construction. Journal of construction engineering and man-521

agement, 127(2), 125-131.522

[18] Yaseen, Z. M., Ali, Z. H., Salih, S. Q., Al-Ansari, N. (2020). Prediction523

of risk delay in construction projects using a hybrid artificial intelligence524

model. Sustainability, 12(4), 1514.525

[19] Egwim, C. N., Alaka, H., Toriola-Coker, L. O., Balogun, H., Sunmola, F.526

(2021). Applied artificial intelligence for predicting construction projects527

delay. Machine Learning with Applications, 6, 100166.528

[20] Wauters, M., Vanhoucke, M. (2014). Support vector machine regression529

for project control forecasting. Automation in Construction, 47, 92-106.530

[21] Pewdum, W., Rujirayanyong, T., Sooksatra, V. (2009). Forecasting fi-531

nal budget and duration of highway construction projects. Engineering,532

Construction and Architectural Management, 16(6), 544-557.533

[22] Chakraborty, D., Elhegazy, H., Elzarka, H., Gutierrez, L. (2020). A534

novel construction cost prediction model using hybrid natural and light535

gradient boosting. Advanced Engineering Informatics, 46, 101201.536

[23] Van Slyke, R. M. (1963). Monte Carlo methods and the PERT problem.537

Operations Research, 11(5), 839-860.m538

[24] Rezaie, K., Amalnik, M. S., Gereie, A., Ostadi, B., Shakhseniaee, M.539

(2007). Using extended Monte Carlo simulation method for the improve-540

ment of risk management: Consideration of relationships between un-541

certainties. Applied Mathematics and Computation, 190(2), 1492-1501.542

[25] Sadeghi, N., Fayek, A. R., Pedrycz, W. (2010). Fuzzy Monte Carlo sim-543

ulation and risk assessment in construction. Computer-Aided Civil and544

Infrastructure Engineering, 25(4), 238-252.545

[26] Kokkaew, N., Wipulanusat, W. (2014). Completion delay risk manage-546

ment: A dynamic risk insurance approach. KSCE Journal of Civil En-547

gineering, 18, 1599-1608.548
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[34] Ballesteros-Pérez, P., Smith, S. T., Lloyd-Papworth, J. G., Cooke, P.573

(2018). Incorporating the effect of weather in construction scheduling574

and management with sine wave curves: application in the United King-575

dom. Construction management and economics, 36(12), 666-682.576

[35] Koenker, R., Hallock, K. F. (2001). Quantile regression. Journal of eco-577

nomic perspectives, 15(4), 143-156.578

[36] Steinwart, I., Christmann, A. (2011). Estimating conditional quantiles579

with the help of the pinball loss.580

23

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4968825

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



[37] Izbicki, R., B. Lee, A. (2017). Converting high-dimensional regression581

to high-dimensional conditional density estimation.582

[38] Freeman, P. E., Izbicki, R., Lee, A. B. (2017). A unified framework583

for constructing, tuning and assessing photometric redshift density es-584

timates in a selection bias setting. Monthly Notices of the Royal Astro-585

nomical Society, 468(4), 4556-4565.586

[39] Izbicki, R., Lee, A. B., Freeman, P. E. (2017). Photo-z estimation: An587

example of nonparametric conditional density estimation under selection588

bias.589

[40] Dalmasso, N., Pospisil, T., Lee, A. B., Izbicki, R., Freeman, P. E., Malz,590

A. I. (2020). Conditional density estimation tools in python and R with591

applications to photometric redshifts and likelihood-free cosmological592

inference. Astronomy and Computing, 30, 100362.593

[41] Nadaraya, E. A. (1965). On non-parametric estimates of density func-594

tions and regression curves. Theory of Probability & Its Applications,595

10(1), 186-190.596

[42] Rajagopalan, B., Lall, U. (1995). A kernel estimator for discrete distri-597

butions. Journaltitle of Nonparametric Statistics, 4(4), 409-426.598

[43] Guide, P. M. B. O. K. (2008). A guide to the project management body599

of knowledge.600

[44] Met Office. (2019). Met Office MIDAS open: UK land surface stations601

data (1853-current). Centre for Environmental Data Analysis, 2024.602

[45] Kendon, M., McCarthy, M., Jevrejeva, S., Matthews, A., Sparks, T.,603

Garforth, J. (2021). State of the UK Climate 2020. International Journal604

of Climatology, 41, 1-76.605

[46] Kendon, M., McCarthy, M., Jevrejeva, S., Matthews, A., Legg, T.606

(2019). State of the UK climate 2018. International Journal of Clima-607

tology, 39(Suppl 1), 1-55.608
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