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ABSTRACT9

Sustainable forest management relies on effective operational planning to ensure that harvest-10

ing practices support long-term objectives. Operations research methods have largely been used11

to support operational decision-making in forest harvest planning but the broader strengths,12

limitations and barriers to adoption remain unclear. This review addresses this gap by syn-13

thesizing existing research on operational planning tools for forest harvesting. Using PRISMA14

protocols, we conducted systematic searches in Scopus and Web of Science and identified 2315

peer-reviewed studies published between 2005 and 2024. The included studies employed diverse16

approaches across geographic regions, most commonly being mixed-integer programming and17

geographic information systems (GIS). Results show that while these models provide valuable18

insights and demonstrate technical expertise, they are often hard-coded to specific sites, lack19

reproducibility and are rarely open-source. Developing modular, transparent and user-centric20

tools could strengthen the existing connection between research and practice, enabling forest21

planners to manage uncertainty and improve efficiency while aligning with broader sustain-22

ability goals. Our findings highlight the importance of designing adaptable frameworks that23

embed site-specificity as a structural element rather than a limitation. We synthesize findings24

into a practitioner checklist, covering inputs, constraints, solution approach, validation, user25

experience and openness to guide tool design and evaluation.26

KEYWORDS27

Systematic review; forest operational planning; optimization; simulation; decision support;28

scheduling.29

CONTACT G. Paradis. Email: gregory.paradis@ubc.ca



1 Introduction30

Sustainable forest management (SFM) is critical to ensure that forests provide social, economic31

and environmental benefits for generations to come. Forest management planning is often pre-32

sented in three hierarchical planning levels: strategic, tactical and operational. Strategic objectives33

like sustained yield and climate resilience are planned in terms of hundreds of years but the suc-34

cess of achieving these objectives depends on the day-to-day operational decisions and actions35

that occur in the forest. Sustainable forest operations are the day-to-day steps and processes36

that can implement strategic long-term forest management goals (Marchi et al. 2018). Opera-37

tional planning and scheduling determines when, where and how these operations are carried out38

(Bettinger et al. 2016). Good operational planning aligns these processes with long-term sustain-39

ability targets to ensure that short-term actions do not compromise long-term goals. However,40

poor operational planning can compromise strong strategic plans, affecting all three pillars of sus-41

tainability (Schweier et al. 2019). Effective operational planning must account for the ecological42

and social components of sustainability, as poor planning can lead to environmental degrada-43

tion, loss of biodiversity and negative social impacts within the communities that depend on44

these forests (Tampekis et al. 2024). Consequences can include reduced yields, uneven timber45

flow, higher costs and emissions, environmental damage, loss of certification and erosion of public46

trust. Strong sustainable forest operations and planning are critical for achieving SFM in practice47

as these decisions have immediate cost and sustainability impacts (Davis and Martell 1993).48

The scope and complexity of forest operational planning has evolved alongside advances in49

forest operations technology and computational capabilities (Heinimann 2007). Early approaches50

supported motor-manual operations with pencil-and-paper planning. The transition and adop-51

tion of mechanized forest harvesting practices as well as improved road infrastructure increased52

operational capacity and productivity but also increased the scope of planning, requiring more53

advanced modelling approaches. These advances as well as changes in societal values around54

forest management have added complexity to decision-making and modern operational planning55

must now account for a wider range of environmental, economic and logistical factors than in the56

past (Brown et al. 2020). Shifting trends in objective functions, model types and the embrace of57

multi-criteria decision analysis tools reflect the evolution of forest operational planning, moving58

from sustained-yield timber-centric goals towards more complex, spatially-explicit and ecosystem-59

based objectives, and the value of these tools in assessing planning effort viability (Labarre et al.60

2025). These developments have also been supported by the increase in computational power and61
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increasingly sophisticated models and data collection processes, which expands the information62

available to decision-makers during planning (Janová et al. 2024). Technology advancements have63

increased the level of spatial and temporal data available, expanding the granularity of decisions64

that can be made and supported.65

As these changes have occurred across forest operations and its planning, operations research66

(OR) has shown to be a continued and effective means of tackling these complex decision-making67

processes. Operations research (OR) methods to support decision-making in forestry are com-68

monly used because they are closely matched with the business decisions needed in forestry69

(Rönnqvist et al. 2023). These methods support planners across the different planning levels in70

evaluating alternative management strategies, improve resource allocation and reduce costs, as71

demonstrated in landscape-level applications such as Quebec’s provincial forest planning sys-72

tem (Beaudoin 2017). There are still challenges though. Rönnqvist et al. (2015) describes the73

open problems forestry faces such as integrating harvesting and transportation decisions, han-74

dling uncertainty in operational conditions and ensuring that the models are both operationally75

and computationally feasible. Recent work like Audy et al. (2023) has investigated the timber76

transportation planning component of these problems but moving a step earlier in the planning77

process, operational harvest decision-making systems aren’t as systematically examined.78

This review aims to address that gap by conducting a systematic review of optimization and79

simulation tools for operational-level harvesting planning and decision support. For the scope of80

this review, operational planning refers to sub-annual (one year or less) decision-making that de-81

termines when, where and how harvesting happens (Weintraub and Cholaky 1991). We consider82

choices across multiple operational scales, from individual machines to broader operating areas83

or districts, including how to deploy and coordinate equipment and crews, sequence and schedule84

work, plan access and landings and adjust plans as conditions change. Our emphasis is on opti-85

mization, simulation and other decision-support system approaches that use operational data to86

guide action, rather than stand-alone productivity studies or longer-term strategic models. Our87

objectives are to synthesize the current state of research in this area, identify key strengths and88

recurring attributes of existing operations researched-based methods, and highlight limitations89

and opportunities for innovation. We aim to inform both researchers developing future planning90

models and forest practitioners seeking to improve their operations.91

The structure of the review is as follows. Section 2 describes the systematic review method.92

Section 3 presents the results, which are discussed in Section 4. Section 5 concludes with recom-93

mendations for advancing forest operational planning.94
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2 Materials and Methods95

2.1 Systematic Review96

A systematic review is defined as an explicit, reproducible method that uses pre-defined search97

terms to collect, synthesize and analyze available studies to answer specific research questions98

(Lasserson et al. 2019; Ahn and Kang 2018). This systematic review was guided by the Cochrane99

Handbook for Systematic Reviews and Interventions Chandler et al. (2019) and was reported100

on using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)101

(Page et al. (2021)) reporting guidelines. This protocol uses detailed checklists to guide the102

systematic review process to support overarching objectives of accountability, transparency and103

reproducibility of the study (Page et al. 2021). The movement of studies through the stages104

of study identification, screening, eligibility and inclusion are documented using the PRISMA105

workflow Figure 1.106

Records identified through
database searching (n = 72)

Additional records identified
through other sources (n = 0)

Records after dupli-
cates removed (n = 51)

Records screened (n = 51) Records irrelevant (n = 23)

Full-text articles assessed
for eligibility (n = 28)

Full-text articles excluded,
with reasons (n = 5)

- Review Paper (n = 2)
- Not in English (n = 1)
- No modeling (n = 2)

Studies included (n = 23)

Studies included in quantitative
synthesis (descriptive statistics)
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Figure 1.: Workflow outlining movement of studies through selection process, adapted from PRISMA
2021 guidelines
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2.2 Search Method107

This systematic review included peer-reviewed, scientific journal articles hosted within the Scopus108

and Clarivate Analytics Web of Science (WOS) databases. These databases were chosen because109

of ease of access and wide range of represented journals. We acknowledge the importance of other110

forms of publications like conference proceedings, gray literature and theses and the valuable in-111

formation they provide on this topic. However, we chose to exclude everything but peer-reviewed112

journal articles to increase reproducibility and minimize bias from double-counting results. The113

data selected for inclusion was informed by the Cochrane Handbook for Systematic Reviews Inter-114

ventions (Table 7.3.a: Checklist of items to consider in data collection) Chandler et al. (2019), with115

adaptations necessary for the forest operations context. The inclusion criteria focused on studies116

that examined operational forest planning tools or models. The studies addressed operational117

time frames (i.e. planning horizons of one year or less) or had an undefined planning horizon.118

Eligible studies employed methods such as optimization, simulation, decision support systems119

or other modeling tools aimed at supporting decision-making. No restrictions were placed on120

geographic location or publication date. Despite ongoing technological advances and differences121

in policies and operational environments, the fundamental mathematical approaches underlying122

forest operational planning are largely consistent over time and space. The search was limited to123

articles published in English. Studies that had limited focuses on bucking decisions, growth and124

yield modeling and timber transportation were excluded. Initial and iterative scoping searches125

were conducted when developing each of the database search strings. Final queries conducted126

on June 9th, 2025 yielded 34 results for Scopus and 38 for Web of Science. On September 2nd,127

2025, we repeated our key searches in Google Scholar. No additional eligible peer-reviewed jour-128

nal articles were found. Items encountered were theses, conference proceedings, or duplicates so129

PRISMA-recorded ‘other sources’ remains zero.130

In Scopus, we searched TITLE-ABS-KEY for the conjunction harvest AND operation and131

combined this with any of (movement OR location OR scheduling OR allocation), (program132

OR design OR model OR decision), (forest OR wood OR timber), and (machine OR equipment133

OR worker). We excluded records containing (bucking OR productivity OR efficiency). Results134

were filtered for English and document type of article. Truncation captured word variants (e.g.,135

harvest, harvesting; program, programming).136

In the Web of Science Core Collection, we queried All Fields for harvest AND operation, and137

Topic for any of (movement OR location OR scheduling OR allocation), (machine OR equipment138

OR worker), (program OR model OR design OR decision), and (forest OR wood OR timber),139
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while excluding Topic terms (bucking OR productivity OR efficiency). Results were filtered for140

English and document type of article. Truncation captured word variants (e.g., harvest, harvest-141

ing; program, programming).142

The full query strings are available in the Appendix (Table 2).143

2.3 Search Outcomes144

Queries for each database were downloaded using .ris file format and uploaded into Covidence145

software. Covidence is a web-based screening platform for systematic reviews that allows for146

collaborative review processes and supports PRISMA protocol adoption (Innovation 2024). Cov-147

idence identified 21 studies as duplicates, and they were removed from the screening process. To148

ensure consistency in the screening process, two independent reviewers assessed the titles and ab-149

stracts of the retrieved studies against predefined eligibility criteria. The reviewers classified each150

study as Yes, No or Maybe for inclusion based on the outlined inclusion and exclusion criteria,151

using the Covidence management platform. Disagreements were resolved by consensus. We quan-152

tified inter-reviewer reliability using Cohen’s κ, which corrects for agreement expected by chance153

given each reviewer’s inclusion/exclusion rates. This is preferred over simple percent agreement154

in imbalanced screening sets, where high raw agreement can arise trivially from both reviewers155

selecting ‘No’. We report κ with 95% confidence intervals at the title/abstract stage, alongside156

raw percent agreement and each reviewer’s decision proportions. Following the title and abstract157

screening, full-text reviews were conducted to confirm the relevance of these studies against the158

outlined inclusion and exclusion criteria. At the full-text stage (n=28), one reviewer conducted159

the primary screening, and a secondary reviewer independently verified all inclusion/exclusion de-160

cisions as a quality control measure. Any discrepancies or uncertainties flagged during verification161

were discussed and resolved by consensus. This approach is consistent with recommendations for162

transparent and replicable coding practices in resource-intensive systematic reviews (Belur et al.163

2021). Our search of Scopus and Web of Science returned 72 records, with no additional sources164

identified elsewhere. After removing duplicates, 51 unique articles remained for title and abstract165

screening. We excluded 23 as irrelevant, leaving 28 for full-text review. Five full texts were ex-166

cluded, including two review papers, one non-English article, and two studies without a modeling167

component. In total, 23 studies met the inclusion criteria and were retained for synthesis, and all168

23 were included in the descriptive quantitative analysis. The full-text review was completed on169

June 11th, 2025 and 23 studies were retained.170
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2.4 Data Extraction171

Each reference was subsequently imported into Mendeley Reference Manager (Mendeley Ltd.172

2024). A database using a tabular format was created to organize all necessary information for173

analyzing the included studies and findings of the systematic review. Key information extracted174

included the study design, type of modeling and solution approaches used, planning horizon,175

geographic location, availability of model and reproducibility. Key strengths, limitations and gaps176

were identified across the studies with an emphasis on how findings could improve future model177

development and practical implementation in forest operational planning. In line with PRISMA178

transparency, we note that although we critically analyzed all included studies and synthesized179

results across multiple dimensions, no formal study quality or risk of bias assessment tool was180

applied, as our review focused on descriptive synthesis rather than evaluation of intervention181

effects.182

2.5 Data Processing and Analysis183

We used the bibliometrix package (Aria and Cuccurullo 2017) and associated biblioshiny app in184

RStudio (Posit team 2025) to produce descriptive statistics on the dataset. Results are presented185

qualitatively to describe the necessary components of the models, their applications and limita-186

tions as presented in their studies. The data was synthesized narratively, with studies grouped187

according to main themes. We used ChatGPT (OpenAI, GPT-5 Thinking) to assist with coding188

during data processing and analysis and improve code readability. All code and outputs were189

independently reviewed and verified by the authors who take full responsibility for the integrity190

and accuracy of the work.191

2.6 Data Availability192

The study-level extraction table will be deposited in an open repository (OSF) under a CC BY193

4.0 license (DOI link). The permanent DOI will be replaced at proof.194

3 Results195

A total of 23 studies were selected for detailed analysis in this systematic review of forest harvest-196

ing and operational planning models and decision-support tools. These studies were published197

between 2005 and 2024, with an average document age of 7.65 years. Although the search strategy198
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did not include temporal restrictions, all included studies fell within the past 20 years. There is199

an observable increase in publications over time, particularly after 2020 with the highest number200

of publications in 2023 (n=8). However, given the small numbers and uneven year coverage, no201

formal statistical test of significance was conducted . The most frequently used keywords are202

"optimization" (n=5) and "system" (n=3).203

3.1 Inter-Rater Reliability204

Two reviewers independently screened records. Of the 51 articles assessed during the title and205

abstract screening phase, both reviewers agreed on 44 instances (24 for inclusion, 20 for exclusion).206

Disagreement occurred in 7 cases (6 one way, 1 the other). The observed agreement was 86.3%,207

while the expected-by-chance agreement due to chance was 49.8%. The resulting Cohen’s Kappa208

coefficient was 0.726 with a 95% confidence interval of 0.538 to 0.915, indicating substantial209

agreement between viewers (Landis and Koch 1977). This consistency suggests a replicable study210

selection process.211

Table 1.: Inter-rater agreement between reviewers during abstract screening

Reviewer A \ Reviewer B Yes No Row Totals
Yes 24 6 30
No 1 20 21
Column Totals 25 26 51

Metric Value
Observed Agreement (Po) 0.862
Expected Agreement (Pe) 0.498
Cohen’s Kappa (κ) 0.726
95% Confidence Interval 0.538–0.915
Interpretation Substantial agreement

3.2 Citations and Authorship212

The included papers were authored by 69 unique authors from 10 countries. When examining213

country of authorship, the most common affiliations were Canada (n=10), Sweden (n=10) and214

the USA (n=7), followed by Brazil (n=6), Chile (n=4), and Iran (n=4). Approximately 61%215

(60.87%) of articles involved international co-authorship. Several European countries (Austria,216

Germany, Norway, Portugal, Slovakia, Slovenia, and Switzerland) each contributed a single study217

through authorship. It should be noted that authorship country did not equate to study location.218

With respect to first authorship, all but four authors contributed a single paper; Ezzati,219
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Arora, Zamora-Cristales and Li each contributed two papers. The total number of citations of220

all papers included in the systematic review is 339 citations. The countries with the most cita-221

tions are the USA (n=90) and Chile (n=80), followed by Sweden (n=71) and Iran (n=45). The222

paper with the most citations to date is Epstein et al.’s (2006) study that presented a Combina-223

torial Heuristic Approach for Solving Real-Size Machinery Location and Road Design Problems224

in Forestry Planning with 59 total citations.225

The studies varied in terms of model type and solution, planning scope, data sources, ob-226

jectives and reproducibility.227

3.3 Model Type and Solution228

A range of model types were presented within the review. To simplify, we grouped methods by229

how decisions are made and used. Each study is assigned one primary class, with secondary tags230

if needed:231

(1) Math programming (MIP, IP, MP): optimization models solved with exact solvers or custom232

decomposition233

(2) Simulation: discrete-event/agent or process simulations; optionally hybridized with opti-234

mization for scenario testing235

(3) GIS/Spatial DSS: GIS-centric decision support to not only visualize but also solve236

(4) Artificial intelligence and machine learning (AI/ML) and Computer Vision: machine learn-237

ing or computer vision for perception/prediction in workflows238

(5) Statistical/analytical: closed-form, econometric or probabilistic models239

Under this scheme, the 23 studies are distributed. Eleven models employed mixed-integer240

linear programming (MIP) or integer programming models (IP) (Corner and Foulds 2005; Ezzati241

et al. 2015; Arora et al. 2023a,b; Bredström et al. 2010; Viana et al. 2023; Zamora-Cristales et al.242

2013; Legües et al. 2007; Epstein et al. 2006; Jonsson et al. 2023; de Lima et al. 2011) (Figure 2).243

Where planning horizons have been defined (n=8), they ranged from two hours (material recep-244

tion logistics in Marques et al. (2014)) to one year (annual harvesting allocation in Bredström245

et al. (2010)). Only one paper (Arora et al. 2023a) presented a rolling-horizon approach. Solution246

approaches frequently used commercial solvers such as CPLEX or LINDO (n=8), while some247

studies employed algorithms, heuristic or metaheuristic methods (n=8). Three models employed248

simulation approaches (Zamora-Cristales et al. 2013, 2015; Rukomojnikov and Sergeeva 2024) and249

Marques et al. (2014) employed both simulation and optimization in their model. Two papers250
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employed statistical or analytical approaches. Five models directly employed Geographic Infor-251

mation Systems (GIS) in their model (de Lima et al. 2011; Epstein et al. 2006; Labelle et al. 2018;252

Shabani et al. 2020; Phelps et al. 2021) while the remaining works (n = 18) applied GIS primarily253

for spatial data presentation, dataset validation or visualization. GIS is the only identified user254

interface with the exception of Legües et al. (2007) and Marques et al. (2014) who presented255

prototype DSS/GUIs.256

3.4 Planning Scope257

Differences in scope of operational planning was evident. Four papers focused on individual ma-258

chine behaviour while five papers included machine interactions as components of their models.259

Although models focused exclusively on log transportation and logistics were excluded, five mod-260

els integrated harvesting and transport within a single model or decision-support system. Across261

the included studies, there was substantial variation in both the number of machines and the262

number of blocks used for model analysis. For machines and blocks, 16 of the 23 studies had263

discrete counts. The number of machines assessed ranged from 1 to 135, with a median of 3 (IQR264

is 45). While most studies reported small counts, the right tail is driven by outliers 120 and 135.265

The most frequent machine counts were 1 (n=4) and 4 (n=3). In addition, machine counts for266

seven models were either undefined or not applicable. The number of blocks assessed ranged from267

1 to 1044, with a median of 4 (IQR is 9). Similarly to the number of machines, two higher values268

of 968 and 1044 contributed to a right-skewed distribution. The most frequent block counts were269

1 (n=5) and 30 (n=2). One study presented itself as landscape-level, rather than providing a dis-270

crete value (Ezzati et al. 2016). In addition, block counts for seven models were either undefined271

or not applicable.272

3.5 Data Sources273

Most studies (n = 17) were developed and tested using real-world case studies (Figure 2). These274

case studies represented multiple forest types, including boreal, hardwood, coastal and mixed275

forests. There was a notable presence of various plantation types including eucalyptus and pine276

plantations (n=4), as well as a heavy presence of boreal forest types (n=6). The most frequent277

study regions were Sweden, Canada, USA, Iran and Chile, with smaller contributions (n=1)278

from New Zealand, Uruguay, Portugal, Brazil, Poland, and Finland. One paper did not specify a279

location.280
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Empirical operational data (site-specific data) was used in works such as Zamora-Cristales281

et al. (2013) and Phelps et al. (2021), whereas others used synthetic data for scalability and282

robustness testing (e.g. Jonsson et al. (2023)). Of the 23 studies presented, four (Corner and283

Foulds (2005), Bredström et al. (2010), Rukomojnikov and Sergeeva (2024), Li and Lideskog284

(2021)) identified their models as general.285

3.6 Objectives286

Of the 23 studies assessed, cost was the most dominant objective specified (n = 10). Time and287

downtime (n = 2) were also common while other objectives like discrepancies between log locations288

(Li and Lideskog 2023) and damage caused by timber felling (Shabani et al. 2020) were specific289

to individual models presented (Figure 2).290

3.7 Reproducibility291

Explicit validation was not reported in our extracted set. No reviewed model presented fully292

open-source artifacts however, one publication (Viana et al. 2023) provided data publicly on293

GitHub (see Appendix, Table 3. This includes full parameter values for the case study including294

contractors and harvesting sites. Reporting on deployability is limited: several articles reference295

prototypes or GIS workflows but packages and reproducible pipelines are generally absent.296

3.8 Synopsis of Results297

The deployment-relevant information is summarized below:298

• Primary model type counts: math programming 11; simulation 4; spatial DSS/GIS 3;299

AI/ML 3; analytical/statistical 2.300

• Solution styles: uses commercial exact solvers 8; heuristic/meta-heuristic 8; simulation/-301

analytical without optimality claims 7.302

• Interfaces: prototype DSS/GUI explicitly mentioned in 2 studies (Legües et al. 2007;303

Marques et al. 2014); GIS workflow UIs in some studies; otherwise not recorded.304

• Independent validation (separate test data or third-party replication): 0 explicitly305

reported in the extracted set.306

• Site-specific parameters required: at least 19/23; general models declared in 4/23.307

• Open artifacts: open code 0/23; public datasets 1/23 (Viana et al. 2023); parameter sets308

disclosed inline but no machine-readable in several case studies (few artifacts beyond PDFs).309
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Figure 2.: Summary of studies by (a) model objectives, (b) model type, (c) data type, and (d) publication
year. In (c), “Case study*” includes comparison, realistic scenario, and validation variants.

4 Discussion310

This paper systematically explores the available literature on forest operational planning models311

and synthesizes the work into design guidelines for operational tool development. We translated312

recurring findings into practical recommendations that can support the realities of forest op-313

erational planning. The definition of ’forest operational planning’ varies across the literature,314

which results in a wide range of models and tools. All with the goal to improve decision-making,315

these models function at different levels from an individual machine-level, to machine-to-machine316

interactions, to scheduling operations across multiple cut blocks. Across these levels, studies con-317

verge on three recurring themes: (i) forest operations are inherently site-specific, (ii) feasibility318

and agility often matter more in practice than mathematical optimality and (iii) clear, open319
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tools help support managers in their decision-making. In this discussion, we will first present on320

common patterns identified in the geographic relationships and search terms of this systematic321

review before presenting a three-part evaluation framework to support both developers and users322

of forest operational planning models. The framework is organized around three key stages:323

• 1. Model Design or Selection324

• 2. Model Application and Use325

• 3. Open-Source Solutions326

For each stage, the findings are organized by themes. For each theme, we highlight key compo-327

nents, limitations and guiding questions that designers or users can ask themselves when devel-328

oping, selecting or applying forest operational planning models. These guiding questions function329

as a practical evaluation checklist to help ensure that tools are accessible to intended users and330

operationally feasible and usable in the real world. In short, the framework synthesizes current331

practice and offers a decision-support tool for improving accessibility, agility and feasibility of332

forest operational planning models.333

4.1 Systematic Review Findings334

4.1.1 Geographic Relationships335

The studies included in this systematic review were conducted across a wide range of coun-336

tries. When comparing study location versus countries of authorship, study sites appeared more337

concentrated in a smaller set of countries whereas authorship was more internationally distributed.338

Canada and Sweden dominate in both countries of authorship and study sites. USA also appears339

strongly in both categories, although slightly more in authorship than study location. Interest-340

ingly, Brazil contributes high authorship but only is represented in one study site, suggesting341

that Brazilian researchers are contributing internationally to studies conducted elsewhere. In342

contrast, Iran and Chile appear more prominently as study sites than with authorship affiliation,343

reinforcing the cross-border collaboration in this field. This is heightened with several European344

countries that have affiliated authorship but no study sites listed. Overall, this indicates cross-345

border collaboration with certain countries providing both infrastructure and personnel, while346

others primarily offer scholarly support.347

Unsurprisingly, the forest types represented in the reviewed materials are consistent with348

the geographic regions of study (i.e. the Scandinavian research is done on Boreal and the South349

American studies is done on plantations). Based on the geographic region and forest type spec-350

13



ified in the model, different operational environment characteristics have been hard-coded into351

the model making it specific to that region or even as specific as that case study. As noted in352

Venanzi et al. (2023), different countries have different variability in forestry contexts. The USA353

for example has high variability whereas Chilean forestry is dominated by plantations. The pres-354

ence of some geographies over others can also be explained by where the forest operations tend355

to be. There is higher adoption of technologies where those technologies meet the operational356

constraints of the terrain of that area.357

4.1.2 Search Terms358

Interestingly, the search terms used in this systematic review did not yield any results359

published earlier than 2005. It can be hypothesized that the search criteria excluded earlier360

papers because of changes in technology or terminology in the field. GIS software maturing in the361

early 2000s (Grigolato et al. 2017) and surges in OR popularity (Rönnqvist et al. 2023) as well as362

a decrease in computer costs may have increased papers with these search terms in this post-2005363

timeline. It could also be likely that the search terms are more aligned with the terminology used364

nowadays whereas more basic logistics studies may be excluded using these terms. For example,365

there was a notable increase in the use of the terms optimization and systems in keywords, titles366

and abstracts over time, which could support the shift towards more computationally advanced367

approaches in forest operations modeling. The emergence and increasing prevalence of the word368

<system and optimization>, in line with the network paradigm presented in the Heinimann369

(2007) as the ongoing phase of development in forest operations engineering and some working to370

fill the gap Heinimann identified in mathematical models that need to link optimization models371

to on-the-ground conditions by making them spatially explicit. More GIS shows alignment with372

spatially-explicit modeling as called for by Heinimann (2007). While the standards and consistent373

modeling remains basically the same, the computational capabilities have advanced and may be374

more pressing in forest operational planning terminology. We see a similar trend in the post-2020375

included articles with the incorporation of technology advancements like artificial intelligence376

(AI), machine learning (ML), and real-time sensing.377

4.1.3 Study Limitations378

The databases searched required institutional access, which presents a significant limitation379

to forestry practitioners who may not have access to these resources. Although many of the ar-380

ticles included were open-access, the accessibility of scientific literature remains a challenge for381
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practical implementation. Guldin (2021) highlighted similar concerns in their review of small do-382

main estimation research, underscoring disparity of access between researchers and practitioners.383

The review was restricted to journal articles written in English, potentially excluding relevant384

literature published in other languages. This could result in a bias towards research from English-385

speaking countries, which may leave out findings that would be helpful in a global forestry context.386

To mitigate potential biases in data screening and extraction, a consensus-based approach was387

used. Clear documentation outlined the workflow of the screening process. Two reviewers in-388

dependently reviewed all titles and abstracts with high inter-rater reliability statistics. We did389

not calculate inter-rater reliability statistics at the full-text stage because our process involved390

verification rather than independent screening. In the full-text review stage, a primary reviewer391

screened full-texts and the secondary reviewer verified these decisions as a quality assurance mea-392

sure. As emphasized in Belur et al. (2021), inter-rater reliability is influenced by human factors393

including prior knowledge and fatigue. We acknowledge that some reviewer discretion is inherent394

in systematic reviewing and have transparently reported our processes to support confidence in395

our findings. The nicheness of the topic could explain any directional bias, given the limited set of396

articles. However, the breadth and depth of literature covered here is likely sufficient to provide397

insights.This review did not apply a formal quality appraisal or risk of bias tool, which limits the398

ability to assess methodological rigor across studies. However, this decision was aligned with the399

descriptive aims of the review, which prioritized mapping themes, modeling characteristics, and400

research trends over evaluating intervention effectiveness.401

4.2 Model Design or Selection402

When developing or selecting a forest operational planning model, the first priority is to ensure403

that the model’s intended outputs are aligned with the operational realities and needs of the user.404

The guiding questions in this first stage are focused on evaluating the fit between model design405

and user needs.406

4.2.1 Planning Scope407

Forest operations are inherently site-specific because unlike standardized industrial pro-408

cesses, this work depends heavily on the natural environment, which varies widely across sites.409

Operations must be planned and implemented with careful consideration of local conditions to410

balance productivity, cost, and environmental sustainability (Bettinger et al. 2016). Depending411

on the goals and objectives within operational planning, different information is needed to guide412
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decision-making. This has led to a wide range of tools and models being developed within op-413

erational planning that all target specific parts of this decision-making. Given this variability in414

granularity, this review captured a range of models and tools. These function to improve decision-415

making across scales such as individual machine basis, machine-to-machine interactions and all416

the way to generalized block scheduling within an operational time frame. Even with their dif-417

ferences in granularity, however, in each of the papers the site-specific nature of forest operations418

is emphasized with each model tailored to the case in which it was developed.419

4.2.2 Individual Machine-Level420

The operational environment, including site conditions, terrain and machine availability, is421

fundamental in shaping the planning scenario (Lahrsen et al. 2022). On an individual machine-422

level, these variables are translated into operational thresholds like slope limits and productivity423

parameters that define when, where and how machines can operate. With advancements in tech-424

nologies and changes in forest equipment and increased support of automated processes on these425

machines (AI, obstacle detection, etc), there is an increased attention to individual machine426

behaviour and how it can be optimized to improve overall planning. In Prinz et al. (2021), a de-427

tailed analysis of harvester performance illustrates how specific these operational thresholds can428

be, down to the saw blade. Each threshold can hold importance in maintaining environmentally-429

sound, safe, and economically-feasible operations. Deciding where to deploy equipment without430

considering the operational constraints and conditions of that area would bring significant risk431

to operations. The work of Epstein et al. (2006) and Labelle et al. (2018) support the idea432

that deployment and allocation decisions must be made with knowledge of individual site con-433

straints, including physical constraints, infrastructure constraints and operational dynamics. Li434

and Lideskog (2021) investigated obstacle detection for harvested forest land to assist operators435

in their work, utilizing new technology to improve one’s knowledge of individual site constraints.436

Terrain is a critical component in this, being the focus of three included studies (Ezzati et al.437

2016; de Lima et al. 2011; Shabani et al. 2020). Shabani et al. (2020) used machine learning438

to develop maps that assess the susceptibility of different forest management areas to erosion439

and environmental impacts of harvesting. Ezzati et al. (2016) evaluated existing terrain condi-440

tions of forest management areas to find suitable areas for harvesting, and Phelps et al. (2021)441

that assesses and clarifies operability on steep slopes and poor soils for mechanized harvesting.442

This greater integration of terrain data also highlights the role in technological advancements to443

improve machine coordination (Venanzi et al. 2023).444
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4.2.3 Machine Interactions445

A number of studies have focused on machine-to-machine-level interactions, investigating446

how scheduling and coordination of individual machines affect productivity and cost. Corner and447

Foulds (2005) highlighted the importance of interchangeability of workers and equipment, as well448

as the influence of time lags on operational efficiency. Arora et al. (2023a,b) demonstrate how449

sequencing constraints shape feasible harvesting schedules, using multiple machine assignments450

(Arora et al. 2023a) and precedence relationships (Arora et al. 2023b). Viana et al. (2023) modeled451

groups of equipment as ’harvesting fronts’ moving from block to block and demonstrated the value452

of joint planning between contractors to minimize idle time and cost. Bredström et al. (2010)453

focused on annual planning of harvesting resources in Sweden, handling a pretty large dataset and454

minimizing production, travel and relocation costs. These studies show that harvest productivity455

doesn’t only depend on individual machine performance but also how machines interact with each456

other. This can also be expanded to how machines interact with other systems, like transportation,457

for example. Other studies have expanded their scope to focus on the interactions between the458

harvesting phase and the transportation phase, connecting forest operations into the broader459

supply chain.460

4.2.4 Integrated Harvesting and Transportation461

The search criteria explicitly excluded models solely focused on timber transportation and462

log logistics. However, several of the included studies linked harvesting decisions with transporta-463

tion and broader supply logistics, demonstrating the inter-dependencies between these planning464

stages (Santos et al. 2019). In conventional timber transportation, Legües et al. (2007) examined465

the role of machine mobilization points in shaping truck-machine interactions, while Epstein et al.466

(2006) proposed simultaneous optimization of machine locations and road designs. Marques et al.467

(2014) used discrete-event simulation to test the impact of different harvesting scenarios on ma-468

terial reception at a sawmill. Their visualization and quick computation time provides a tangible469

solution to strengthening the connection between the planning and operations sides, allowing for470

quicker communication and response.471

Integration is noted to be particularly complex for biomass supply chains, where variability472

in moisture content, weight, quantity and spatial distribution is greater than in conventional473

timber. Zamora-Cristales et al. (2013) found that interference between grinders and trucks reduced474

utilization rates and increased costs (wait times making up up to 15 % of grinding cost). Like Viana475

et al. (2023) in machine to machine interactions, Zamora-Cristales et al. (2013) reiterates the role476
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of idle time as a key driver in increasing operational costs. Building off of these findings using477

modeled truck-machine interaction delays, Zamora-Cristales et al. (2015) showed that integrating478

biomass processing and transportation decisions can lead to decent cost savings of 3 to 34 % in479

Pacific Northwest operations.480

These studies reinforce the value of linking operational decisions in harvesting with trans-481

portation logistics, as seen in broader reviews like Audy et al. (2023), focused on timber trans-482

portation. Labelle et al. (2018) provides a different avenue of integration, suggesting that silvi-483

culture should also be incorporated to improve and support more holistic planning to improve484

supply chain inter-dependencies. However, solidifying these connections are often difficult in prac-485

tice given computational availability, disaggregation of decisions because of contractor bases or486

accessibility of tools. Challenges can also arise around interoperability especially when the supply487

chain itself isn’t as clearly linked or connected or when the models themselves don’t have aligned488

inputs and outputs. This can also be amplified by challenges in data availability throughout489

the system (Labarre et al. 2025). This is also a recognized challenge when linking proprietary490

software together because of input/output alignment from different software which limits actual491

operational usability by forest decision-makers (i.e. logging contractors, forest professionals, etc).492

This challenge in interoperability poses a significant opportunity for future design, designing with493

interoperability in mind.494

4.2.5 Design Implications495

• Interoperability496

◦ What other models do you need to use?497

◦ How well do they work with others?498

• What is the model’s scope and horizon?499

◦ Do you need machine-level, machine interactions or block-level?500

◦ How can you validate that the scope covers the real decisions being made?501

◦ What is the planning horizon and time-steps?502

4.3 Model Application and Use503

Once the model has been selected for use or has been developed, the challenge shifts to its504

application in operational environments. This stage is focused on the model’s performance in505

practice and how accessible and usable they are for decision-makers.506
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4.3.1 Generalized Models507

Some models presented partial generalizability with specifics that made them applicable to508

similar sites and similar topography. Legües et al. (2007) and Epstein et al. (2006) show models509

that can be applied to similar sites with dynamic forest sectors and similar topography whereas,510

Depending on the design of the model, this partial generalizability extends to different scopes. In511

Ezzati et al. (2016), there is built-in flexibility for it to be applied to other operational systems.512

The Planex model, a system used to identify landing locations, design road construction and513

allocate machine locations across thousands of hectares of forested land, is presented by Epstein514

et al. (2006) and later, revisited by Legües et al. (2007) with alternative solution methods that515

emphasize machine location decisions and road/exit intersections. This model is applied to large-516

scale forest management areas and can be extended to regions with comparable infrastructure517

and terrain. Similarly, Ezzati et al. (2015), Ezzati et al. (2016) and Phelps et al. (2021) proposed518

models presented with generalized applicability for mountainous terrain. In Phelps et al. (2021),519

for example, their framework allows for different criteria to be swapped in or altered, allowing520

for more specific analysis of forest management in mountainous terrain. However, in Ezzati et al.521

(2015), the model’s application to hardwood forests in hard-coded into the model, which made522

it as Contreras and Chung (2011) described, ’difficult’ to adapt to conditions beyond its original523

hardwood case. These examples highlight the partial generalizability problem. Across different524

forest types and terrain, operational complexity can increase, making it difficult to apply gener-525

alized solutions that are operationally feasible. Models can often be framed as general but their526

assumptions and embedded parameters tie them to specific operational environments. Flexibility527

varies across models of this type but finding an operationally feasible solution requires at least528

some level of site specificity.529

As highlighted by Rönnqvist et al. (2015), this variability complicates efforts to generalize530

forest operational planning models. However, it also reinforces the need to design models that531

embed flexibility and adaptability as structural features. With the models presented as ’general’,532

we see the role of parameter flexibility in allowing these models to meet a variety of contexts.533

However, they cannot be applied to every context because they were designed for specific objec-534

tives and components of forest operations. There are some hard-coded assumptions within the535

model that allow them to meet their specific cases effectively. For example, Rukomojnikov and536

Sergeeva (2024) is designed for harvester productivity but if you were to apply it to different537

equipment types, the coefficients used would need changes. In the current format of the model,538

redesign would be required to make those changes. This is a noted lack of reproducibility, where539
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models that are made to perform well at specific site and tailored conditions often have little540

reusable design built in. Feasibility can also be measured via validation. For models calibrated541

and validated on one dataset, their applicability may be limited or not tested fully whereas if542

these could be robustly tested, there may be a stronger argument for applicability more generally.543

4.3.2 Design Implications544

• List of objectives and constraint plug-ins.545

• What assumptions are acceptable to keep the model usable?546

• What hard-coded assumptions can be replaced with localized parameters?547

• Can constraints be adapted when infeasible solutions occur?548

• What evidence shows it transfers to similar operational environments?549

• Develop a list of common operations situations for your operational environment.550

◦ Test datasets for these environments.551

• How are spatial and topological relationships represented in the model?552

4.3.3 Uncertainty553

Managing uncertainty is a critical part of designing flexible and durable operational plans.554

The operational environment is dynamic and decisions made in plans need to remain effective555

amid dynamic conditions (e.g. weather, equipment, workforce, site conditions) (Ulvdal et al.556

2022). Uncertainty management is not a new component of forest operational planning and with557

or without mathematical models, the general and time-tested approach for this is re-planning558

regularly (Martell et al. 1998). This ability to pivot quickly instead of favoring a rigid but ’opti-559

mal’ solution is a necessary strategy for ensuring feasibility of the operations. Most models use560

deterministic approaches for productivity and travel time (mobilization) despite these high levels561

of uncertainty (Jonsson et al. 2023). Some models, however, have integrated flexibility into their562

designs to support producing more operationally feasible outputs. Labelle et al. (2018) and Sha-563

bani et al. (2020) use both machine learning and optimization to support dynamic adjustment564

of parameters in real time. Combinatorial models such as Epstein et al. (2006) are essential for565

real-time machine tasking, particularly in multi-site harvesting systems (Sessions and Yeap 1989).566

Zamora-Cristales et al. (2015) allows parameters like cost and productivity to vary to allow for567

easier adaptation to different cases or to test different scenarios. The reviewed studies highlight568

the emergence of flexibility, agility and uncertainty management as critical capabilities in forest569

operational planning tools. Many papers, in their discussions, focused on the broader conver-570
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sation about usability of these models and the need to pivot quickly without losing efficiency.571

Having the ability to cater to this uncertainty and, as mentioned above, site-specificity within572

the framework reduces the need for significant reworking if and when critical parameters change573

as well as account for uncertainty.574

4.3.4 Design Implications575

• What inputs are uncertain?576

• How is robustness represented in the model?577

• How does the model account for uncertainty?578

• What does the re-planning process look like for the model?579

4.3.5 Data Quality580

Forest planners are often working with incomplete or uncertain data (Labelle et al. 2018)581

so the model needs to handle ambiguity, as well as uncertain weather patterns and dynamic582

site conditions that can quickly change the trajectory of operations. Spatial resolution and data583

quality may be a challenge (Labelle et al. 2018; Shabani et al. 2020). Data demands may exceed584

what is available in operational contexts.585

4.3.6 Design Implications586

• What data does the model need to run?587

• What data and data quality do we have access to?588

• What consistent data quality can we reach?589

• What are the minimum viable inputs for the model to run?590

• How can missing data be handled?591

• What input and output formats are required and available for use?592

4.3.7 Computation and Processing Time593

Feasible solutions are ones that can be realistically implemented given site conditions, re-594

sources and workforce/equipment constraints, whereas an optimal solution is one that mathe-595

matically achieves the minimized or maximized objective function. In many operational settings,596

feasibility is prioritized over mathematical optimality. Both Epstein et al. (2006) and Hosseini597

et al. (2023) used heuristics and simulation-based approaches as a means of generating practical598

solutions under real constraints, where exact optimization would have limited the solution. Where599
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planning horizons have been defined (n=8), they ranged from two hours (material reception lo-600

gistics in Marques et al. (2014)) to one year (annual harvesting allocation in Bredström et al.601

(2010)). In the one paper that included it, rolling-horizon (Arora et al. 2023a) was explained as602

a means of reducing the computational complexity of the problem while maintaining operational603

feasibility. This is one approach in model development to keep the model operationally feasible604

while staying computationally reasonable. In Bredström et al. (2010), an annual planning model605

is tested.606

Many models explicitly frame themselves as decision-support systems (DSSs) and emphasize607

their role in supporting, rather than replacing human decision-making. These systems alongside608

multi-criteria decision analyses (MCDAs) are valuable in supporting managerial decisions with609

strong visualizations (Marques et al. 2014) and their ability to improve one’s capacity to evaluate610

or assess planning efforts more quickly (Seely et al. 2004). For example, Epstein et al. (2006)611

noted the value of exploring the solution space faster, allowing the forest manager to spend more612

time on analysis rather than generating maps. For a 1000 ha area, the model can produce multiple613

solutions with an average processing time of 15 minutes on a standard computer. This allows for614

testing of evaluation of alternative scenarios and assessment of the viability of different planning615

tools to decide machine location and road construction needed based on two heuristic solving616

approaches. Rukomojnikov and Sergeeva (2024) used simulation to investigate math regularities617

of harvester operations so that labor costs could be calculated quickly across multiple logging618

operations, again utilizing advances in technology to speed up the more time-consuming processes619

through automation. As presented in Frayret and Perrier (2016), simulation tools can be an620

effective means in exploring agility in forest operational planning.621

4.3.8 Design Implications622

• What run-time, hardware is acceptable for operational use of the model?623

• What computing capacity does our team have? Does it match the needs of the model?624

• What modeling experience does our team? How may this impact the output and insights?625

• what does the model require (time, computing capacity)?626

• How does the model find the solution?627

4.3.9 Objectives and Multi-Criteria Trade-offs628

The studies assessed in this systematic review largely reflect the traditional concerns that629

have been echoed in operational planning throughout time(Rönnqvist et al. 2023): efficiency, cost,630
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and feasibility while also adapting to emerging pressures and changes in the operational objectives631

(multiple objectives, digitization, climate change, biomass demand) (Labarre et al. 2025). A core632

objective of minimized cost remained consistent across the studies, although occasionally phrased633

differently like reduced personnel resource allocation. Given that economic feasibility ultimately634

determines whether a solution can be adopted in practice, this objective remains prominent in635

operational planning models (Beaudoin 2017). While cost generally makes the adoption decision636

for different plans, there are still other important objectives and criteria that can influence deci-637

sions, as seen in the need for multi-criteria decision analyses in forest operational planning. We638

also see the emerging work on readiness and safety (Kozlowski et al. 2024; Li and Lideskog 2021)639

that expands the decision space beyond scheduling. Kozlowski et al. (2024), for example, uses640

predictive maintenance information so that schedules can be updated more readily.641

4.3.10 Design Implications642

• What objectives does the model solve for?643

• Does the model address multi-criteria trade-offs?644

• How are the objectives weighted? How can the users change the weights of the objectives?645

4.3.11 Operational Feasibility646

We also see emphasized need for operational ‘realism’ (e.g. terrain, equipment constraints)647

to be integrated with optimization techniques. Optimization techniques are widely used in this648

field but operational feasibility is just as critical. Many studies emphasize the need for ‘feasible’649

solutions rather than ‘optimal’ solutions. Barriers may include mismatched data requirements and650

availability, limited training and computational resources. Model development can overcome some651

of these challenges, using increased interface between OR and planner as shown in Bredström et al.652

(2010) and Epstein et al. (2006) where it can emphasize the value of operationally feasibility, help653

expose model decisions that do not align with operational reality, and help adjust the outputs to654

become usable and useful insights. Alongside the technical math, the authors argue for the critical655

and iterative dialogues between the OR specialists and forest planners in order to translate this656

math into usable operational solutions. There is a need for alignment between models and the657

actual workflow of planners and foresters. This was attempted or achieved in different ways in658

the studies looked at. For example, in (Zamora-Cristales et al. 2015) and (Phelps et al. 2021),659

there was a heavy use of case-study based validation to check and validate field applicability.660

Jonsson et al. (2023) expands Bredström by contrasting different solution designs and stress-661
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testing assumptions (e.g. initial team allocation, equipment availability) to further refine the662

operational feasibility of these solutions.663

4.3.12 Design Implications664

• What operational constraints might the math miss? How can we account for them?665

• What is an acceptable level of error?666

• How is feedback looped back into the model?667

• What benchmarks define ’good’ for a specific operational environment?668

• What validity and feasibility checks are present within the model?669

• What are the assumptions in the model? How are they audit-able for practitioners?670

• What format are the outputs and how do they need to be translated to be usable for671

practitioners?672

• What level of user expertise is assumed?673

4.4 Open-source Solutions674

Open-source modular solutions, as proposed in related fields (Moon and Howison 2014), could675

bridge the gap by combining adaptability with transparency and collaborative development. With676

none of the reviewed papers presenting as open-source, this offers an opportunity for expansion.677

The increasing recognition that forest planning systems must be user-centric and transparent678

aligns well with the open source pathos and the broader conversations of open science and col-679

laboration gaining traction in environmental management. These models and tools can enhance680

capacity without undermining experience and allow for faster, more comprehensive exploration681

of the solution space. Future work should focus on building open-source reproducible tools that682

can flexibly respond to changing conditions while supporting practitioners in their daily decision-683

making. Specifically, we plan to examine the validity and applicability of a generalized tool for684

machine scheduling in forest operational planning. Aligning similar strategies employed in a strate-685

gic forest planning level model by Nguyen et al. (2022), forest operational planning models could686

benefit from open licensing, modular subsystems and the adoption of open-source technology as687

a means of improving collaboration and lowering cost.688

4.4.1 Design Implications689

• Is the code for the model open-source?690

• Is there a plan for continuous updating and version control?691
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• How accessible is the code?692

• How accessible are the datasets?693

4.5 Adoption Checklist694

Based on the framework presented above, we developed an adoption checklist for forest opera-695

tional planning tools, outlining eight key criteria, verification points for each and the minimum696

acceptance levels required to ensure that the tools meet practical decision-making needs (Fig-697

ure 3).698

Adoption checklist for forest operational planning tools

Criterion What to verify Minimum acceptance

Inputs Required datasets (blocks, roads,
machines, shift rules, product specs) are
defined with units and formats.

All inputs exist in your system; mappings
to the required schema validated on a pilot
block.

Constraints Legal, safety, terrain, seasonality, shift and
move-up rules are representable.

≥95% of binding rules encoded or
approximated; exceptions documented.

Solution approach Model/algorithm fits problem scale and
re-plan cadence.

Instance solves within X minutes for daily
re-plans; stable across seeds.

Validation KPIs and baselines are defined (cost,
volume, utilization, move-ups, delay).

Back-test on ≥1 historical week; KPI
deltas vs. baseline within agreed tolerance.

Re-planning &
UX

Rolling-horizon or quick re-solve; user can
lock assignments/overrides.

Re-plan without full rebuild; partial
locks/overrides available in UI or config.

Generalizability Parameters externalized; site-specific
constants isolated.

New area on-boarding requires
configuration, not code changes.

Openness &
maintenance

Code/data access, license, and support
path are clear.

Repo or escrow; explicit license; versioned
releases; change log.

Compute & de-
ploy

Hardware/OS requirements and
containerization documented.

Runs on available infrastructure; container
or reproducible environment provided.

Figure 3.: Checklist for adoption of forest operational planning tools.

5 Conclusion699

This review shows that forest operational planning models have achieved considerable success700

in addressing specific challenges at individual sites and multi-site operations, particularly where701

models are tailored to local operational environments. This effectiveness is also supported by702

improvements in data availability, computational capacity and geospatial technology, however,703

these models fall short in reproducibility and broader applicability. Our review indicates that the704

majority of existing tools are difficult to reproduce or transfer beyond their original context or705

design case.706

The current literature is well-established and advancements in technology are expanding707
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the opportunities for the field. More complex and precise models are now feasible with advanced708

solutions approaches, but they are not always usable in practice due to barriers in accessibility709

and adaptability. Many existing tools are proprietary, technically complex or poorly documented710

which limits how effectively they can be applied in real-world operational forestry.711

Many models are designed with hard-coded parameters, pushing the need for planning tools712

that can adapt to multiple sites and operational environments without rebuilding the models from713

scratch. Rather than using site-specificity as a limitation of these models, it should be incorporated714

as a structural and foundational design element in flexible and adaptable frameworks. This would715

allow for decisions to be driven by site-level data, as seen in the many models presented in this716

review, without sacrificing general utility. Framing models in this way allows for operational717

planning systems that are responsive to local conditions and structured enough to be reused718

across contexts with minimal going back to the drawing board. This is especially helpful given719

the uncertain conditions faced by forest managers throughout their daily plans.720

5.1 Actionable Recommendations721

Ultimately, forest operational planning should aim to support the real-world decisions that pro-722

fessionals are making every day. Connecting the dots between what is produced to improve forest723

operations and what is implemented in actual forest operations is critical to ensure the sustain-724

ability of the field. Therefore, we put forth three actionable recommendations in the development725

of these models726

• Parameterize site-specificity and avoid hard coding it into the models.727

• Mandate validation transparency in both datasets and performance metrics.728

• Publish minimum viable open artifacts to maintain transparency even if full source can’t729

be released.730

The site-specificity needed for forest operational planning lends itself to the consistent de-731

velopment of bespoke solutions that can get the job done. By embracing site-specificity as a732

structural input instead of a barrier, however, forest operational planning research can evolve733

from isolated technical solutions towards more replicable and flexible planning systems that can734

better support forest professionals in their managerial decisions.735
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7 Appendix906

Table 2.: Search criteria used in Scopus and Web of Science databases

Database Search Criteria

Scopus ( TITLE-ABS-KEY ( harvest* AND operation* ) AND TITLE-ABS-KEY (

movement OR location OR scheduling OR allocation ) AND LANGUAGE (

english ) AND TITLE-ABS-KEY ( program* OR design OR model OR deci-

sion ) AND TITLE-ABS-KEY ( forest OR wood OR timber ) AND TITLE-

ABS-KEY ( machine OR equipment OR worker ) AND NOT TITLE-ABS-

KEY ( bucking OR productivity OR efficiency ) ) AND ( LIMIT-TO ( DOC-

TYPE , "ar" ) ) AND ( LIMIT-TO ( LANGUAGE , "English" )

Web of Science harvest* operation* (All Fields) and movement OR scheduling OR allocation

OR location (Topic) and machine OR equipment OR worker (Topic) and

program* OR model OR design OR decision (Topic) not bucking (Topic)

and Article (Document Type) and forest OR wood OR timber (Topic) not

productivity OR efficiency (Topic) and Article (Document Types) and English

(Language)

Table 3.: Open artifacts observed in systematic review

Paper Open Artifact

Viana et al. (2023) https://gitlab.fing.edu.uy/victor.viana/fhtp/
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