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Abstract – Controlled-environment agriculture is rapidly becoming data-intensive and cyber-physical with the rapid 

digitalization of controlled-environment greenhouses. With artificial intelligence, IoT frameworks, and robotic surveillance 

systems becoming integrated in greenhouse operations, algorithms are playing a larger role in the managerial decision-making 

process instead of human supervisors alone. This change opens the idea of algorithmic management to the world of agricultural 

workforce - a field that has not been sufficiently investigated in the existing studies. This paper constructs a socio-technical 

system to examine the effect of the algorithm systems on workforce scheduling, performance tracking, and coordination of 

operations in the greenhouse environment. An optimization model in mathematics is presented to structure task distribution 

based on efficiency, fairness, and worker fatigue where multi-objective scheduling can be used to achieve productivity and 

human well-being. The paper offers a proposed structured simulation dataset and a survey instrument to help assess worker 

perceptions of surveillance and autonomy and fairness to support future empirical research. A comparative analysis of 

traditional and algorithmic management models indicates that there are trade-offs between agency and precision of operations 

and labor. The results emphasize that algorithmic management in the agricultural sector is not an issue of technical improvement 

but a governance problem that needs to be transparent, accountable, and human-centered. This study forms a conceptual and 

analytical base of ethically responsible AI-based workforce management in smart greenhouse settings and adds to the discussion 

on the future of human-AI collaboration in industrial systems. 
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I. INTRODUCTION 
 

The agricultural production is fast moving out of the manual 

greenhouse management system to the data-driven cyber-

physical production system with the help of sensors, 

Internet of Things (IoT) structures, and machine 

intelligence (AI). The contemporary greenhouses use dense 

sensor systems to monitor temperature, humidity, CO 2 

concentration, and light intensity. The AI control systems 

process these real-time measurements to control irrigation, 

ventilation, and nutrient delivery dynamically to ensure 

crops grow in the best microclimatic conditions [1]. Studies 

on smart greenhouses show that computerized control will 

save resources and enhance productivity and environmental 

sustainability [2]. The application of AI to greenhouse 

practices does not limit to environmental control. Rapidly 

emerging greenhouse systems are being developed with 

predictive analytics that can identify crop stress, anomalies, 

and initiate automated solutions. These features minimize 

the use of manual control and convert greenhouse into semi-

autonomous production systems [3]. With the growth of 

automation, AI applications start to add to the human 

workflow by creating task assignments, optimizing 

inspection processes, and orchestrating human responses to 

sensor notifications. This change brings to agricultural 

contexts the logic of algorithmic management. Algorithmic 

management is the term indicating the transfer of 

managerial decisions (such as scheduling, monitoring, 

performance assessment) to computational systems instead 

of human supervisors [4]. Already in the field of logistics, 

manufacturing, and digital platform, algorithmic systems 

assign workers and productivity measures at scale [5]. 

These systems have the potential to make the systems 

efficient and consistent, yet they redefine the autonomy of 

workers and authority to make decisions. The literature on 

analysis of algorithmic governance in the workplace setting 

presents mixed results. Although automation enhances the 

accuracy of operations, it might lead to increased 

surveillance and lack of perceived control over the working 

processes [5]. The opaque form of algorithmic oversight is 

common to the workers especially when the rules of 

decision making are not clear or challengeable. These 

conditions bring up issues of fairness, psychological 

pressure, and responsibility within technology-mediated 

management structures [6]. Although there has been a lot of 

debate regarding the idea of algorithmic management in 

industrial and service industries, its use in the agricultural 

labor, especially in controlled greenhouses, has not been 

adequately researched. The current greenhouse research 

efforts have focused on optimized crops, sensor networks, 

and environmental feedback systems [7], but there has been 

little consideration as to how these technologies can meet 

the governance of human labor. However, with the 

greenhouse assuming a more autonomous infrastructure, it 

is not only possible but probable that the coordination of 

labor by algorithm. This transition is important to 

comprehend since the production in green houses is highly 

associated with human workers and automated systems. 
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Algorithms will replicate the risks experienced in other 

fields and without proper design, the algorithms might be 

overly monitored, judged unjustly, and reduce the worker 

agency. On the other hand, a well-thought-out system 

would not only increase productivity but also contribute to 

the welfare of workers. The gap that this paper will fill is 

the application of the concept of algorithmic management 

theory to the context of greenhouse agriculture and the 

conceptualization of the greenhouse as a socio-technical 

ecosystem in which AI and human work co-evolves. The 

study contributes: 

 

⚫ a greenhouse-specific socio-technical framework 

 

⚫ mathematical programming of workforce scheduling. 

 

⚫ simulation and empirical evaluation tools 

 

⚫ ethical governance principles 

 

⚫ comparative analysis with the traditional management 

systems. 

 

A combination of these contributions builds a premise on 

the study and control of the use of algorithms in managing 

workforce in intelligent agricultural settings.. 

 

II. BACKGROUND 

A.  Smart Greenhouse Systems 

Smart greenhouses are a significant breakthrough in the 

traditional high-tunnel farming setting since they introduce 

digital technologies that monitor, interpret and respond 24/7 

on environmental and crop conditions. These systems 

essentially combine dense arrays of environmental sensors 

that detect environmental variables like air temperature, 

relative humidity, CO 2 concentration, light intensity and 

soil conditions in real time. The sensor data is fed to 

automated control systems which regulate heating, cooling, 

irrigation, shading, and ventilation to achieve the best 

growing conditions, using fewer resources and enhancing 

crop quality [8][9]. The Internet of Things (IoT) is the 

connection backbone of these environments, but it connects 

distributed sensors, actuators, and control modules into a 

functioning network. IoT technologies facilitate remote 

monitoring, real-time data aggregation, and closed-loop 

feedback control - in which the environmental conditions 

are monitored and corrected automatically in case of a lack 

of direct human intervention [10]. More advanced 

applications combine machine learning and predictive 

analytics into control loops, through which systems can 

predict the probable environment changes (e.g. temperature 

spikes or humidity changes) and change parameters in 

advance before such situations can get worse [11]. 

Computer vision technologies also make smart greenhouses 

even smarter, allowing them to monitor crops automatically. 

The image capture systems with high-resolution in 

combination with AI models can identify the first 

symptoms of an illness, pest infestation, or a nutrient 

deficiency and produce an alert and prescribe the necessary 

interventions. As an illustration, deep learning models have 

been employed to classify symptoms of stress, leaf rust or 

drought responses in high-classification in greenhouse 

plants [12]. Besides the stationary sensory and predictive 

systems, robotic inspection systems are also becoming a 

part of smart greenhouse structures. Sensors and cameras 

on a robot with a navigation system and multi-modal 

sensors (i.e. cameras, temperature probes) can be used to 

move through the greenhouse aisles, acquiring localized 

data, and responding (i.e. adjusting irrigation emitters or 

turning on ventilation fans) to actuators. These robots save 

labor expenses and human contact with harsh environment 

and offer highly localized control over the environment [13]. 

Taken together, these technologies produce continuous, 

high-dimensional streams of data not only to optimize the 

environment but also to form the raw materials of the 

management of human work. Indicatively, environmental 

control and workforce coordination can be combined by 

using real-time data of sensors, which can be combined 

with crop condition models to set worker inspection or 

maintenance priorities. 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig.1. Smart Greenhouse Cyber-Physical Architecture. 

A. Algorithmic Management Theory 

TAlgorithmic management describes a mode of 

organizational control in which core managerial 

functions—such as scheduling, monitoring, evaluation, and 

task allocation—are executed by algorithmic systems rather 

than human supervisors. These systems rely on continuous 

data collection and predictive analytics to guide and 

evaluate worker behavior in real time [14][15]. 

 

 

 

 

Table I:  Core Dimensions of Algorithmic Management 
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As shown in Table 1, algorithmic management transforms 

traditional supervisory roles into data-driven processes: 

scheduling is optimized by AI, monitoring becomes 

continuous through digital tracking, performance 

evaluation is standardized and quantitative, and authority 

shifts toward a hybrid human–AI arrangement [16]. While 

this model enables efficiency and scalability, it also raises 

concerns regarding transparency, autonomy, and 

accountability. 

Figure 1 operationalizes this theory in the greenhouse 

context by illustrating how sensor-based monitoring and 

IoT infrastructure feed an algorithmic management layer 

that allocates tasks, evaluates performance, and governs 

labor through automated feedback loops. 

 

III. GREENHOUSE ALGORITHMIC 

MANAGEMENT MODEL (GAMM) 
 

In order to analyze the algorithmic management process in 

greenhouse settings, this paper presents the Greenhouse 

Algorithmic Management Model (GAMM), a three-layer 

socio-technical framework that combines artificial 

intelligence, coordination of workforce, and ethical 

governance. This model conceptualizes greenhouses as 

hybrid workplaces in which computational systems are 

actively involved in managerial decisions, which have a 

greater effect on environmental regulation and the 

organization of human labor [17]. The Environmental AI 

Layer is the basic part of the GAMM framework. It is 

comprised of environmental sensing devices, computer 

vision, and predictive analytics that are applied to track 

climatic conditions, crop health and operational anomalies. 

Data streams are processed continuously, including 

temperature, humidity, CO 2 concentration, visual crop 

indicators, sensor-activated alerts, and others, to aid in real-

time environmental controls. In addition to crop 

optimization, the data outputs produce task-relevant signals 

that influence the labor demand, urgency and workflow 

prioritization, thus constituting the data foundation of 

algorithmic workforce management [18]. The Workforce 

Optimization Layer, based on this data foundation, 

translates environmental intelligence into automated labor 

decisions. This layer has task allocation, dynamic 

scheduling, workload balancing, and performance 

evaluation mechanisms. Optimisation algorithms distribute 

the tasks based on skills of workers, tasks, priorities of the 

operation, and efficiency goals set by the system. The 

performance measures gathered in the process of task 

execution are used to feed back in scheduling decisions, 

creating adaptive coordination and predictive coordination. 

In this arrangement, supervisory power moves away to 

discretionary human control to algorithmically mediated 

control, transforming the customary power dynamic and 

autonomy of workers in the greenhouse operations [19]. 

The Governance Layer and Ethics Layer give oversight and 

normative restrictions to the algorithmic management 

process. This layer adds transparency, explainability and 

accountability mechanisms around decisions so that 

automated managerial actions are auditable and contestable. 

Ethical protections, including fatigue-conscious limits, 

fairness standards, data minimization guidelines, and 

human-in-the-loop interventions are integrated to lessen the 

risks of over-surveillance, algorithmic discrimination, and 

disproportionate workload allocation. The GAMM 

framework can proactively mitigate ethical issues by 

providing governance solutions as an inherent part of 

system architecture instead of addressing them as post-

deployment fixes [20]. 

 

 
 

Fig.2. GAMM Framework Diagram 

 

IV. MATHEMATICAL MODELING OF 

SCHEDULING 
 

To ensure workforce scheduling in intelligent greenhouse 

setting, there is need to strike a balance between operational 

efficiency, worker capability, fairness and fatigue dynamics. 

In order to formalize this issue, we come up with a multi-

objective optimization framework incorporating task 

distribution, workload distribution, and human-related 

constraints. 
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A. Smart Greenhouse Systems 

𝑊 = {1,2, … , 𝑛} 𝑏𝑒 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑤𝑜𝑟𝑘𝑒𝑟𝑠   (1) 

 

𝑇 = {1,2, … , 𝑚} 𝑏𝑒 𝑡ℎ𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑡𝑎𝑠𝑘𝑠 (2) 

 

Each task must be assigned to exactly one worker, while 

respecting skill compatibility and operational 

constraints[21]. 

 

B. Decision Variable 
 

Let the binary assignment variable be: 

 

𝑥𝑖𝑗 = {
1, 𝑖𝑓 𝑤𝑜𝑟𝑘𝑒𝑟 𝑖 𝑖𝑠 𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 𝑡𝑜 𝑡𝑎𝑠𝑘 𝑗
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

(3) 

 
C. Objective Function (Cost Minimization) 

The primary objective is to minimize total operational 

cost: 

min 𝑍 = ∑ ∑ 𝑐𝑖𝑗𝑗∈𝑇𝑖∈𝑊 𝑥𝑖𝑗  (4) 

where: 

• cijc = cost of assigning worker iii to task j 

D. Constraints 

1. Task Assignment Constraint 

Each task must be assigned to exactly one worker: 

∑ 𝑥𝑖𝑗𝑖∈𝑊 = 1,  ∀𝑗 ∈ 𝑇  (5) 

 

2. Skill Compatibility Constraint 

 

𝑥𝑖𝑗 = 0 𝑖𝑓 𝑠𝑖 < 𝑟𝑗 (6) 

where: 

• si = skill level of worker iii  

• rjr= required skill level for task j 

3. Workload Constraint 

 

𝐿𝑖 = ∑ 𝑑𝑗𝑗∈𝑇 𝑥𝑖𝑗   (7) 

where: 

• Li = workload of worker iii  

• dj = duration or difficulty of task j 

 

E. Multi-Objective Extension 

To incorporate fairness and fatigue, the model is extended: 

min 𝑍 = 𝛼 ∑ ∑ 𝑐𝑖𝑗𝑗𝑖 𝑥𝑖𝑗 + 𝛽 Var(𝐿𝑖) + 𝛾 ∑ 𝐹𝑖𝑖  (8) 

where: 

• α,β,γ\alpha, \beta, \gammaα,β,γ = weighting 

parameters  

• Var(Li)Var(L_i)Var(Li) = workload variance 

(fairness)  

• FiF_iFi = fatigue level of worker iii 

F. Fairness Constraint 

To ensure balanced workload: 

|𝐿𝑖 − 𝐿𝑘| ≤ 𝜖,  ∀𝑖, 𝑘 ∈ 𝑊 (9) 

where: 

• ϵ\epsilonϵ = allowable workload difference 

threshold 

G.Fatigue Dynamics 

Worker fatigue changes dynamically throughout a work 

shift and is influenced by both task intensity and the 

availability of rest periods. As workers perform tasks, 

physical and cognitive strain gradually accumulate, 

increasing their overall fatigue level. Tasks that require 

higher effort or longer durations tend to accelerate this 

fatigue buildup. Conversely, rest periods and short breaks 

allow workers to recover part of their energy and reduce 

accumulated fatigue[22]. The balance between workload 

and recovery therefore determines how fatigue evolves 

during the shift. If tasks are assigned continuously without 

adequate recovery time, fatigue levels can increase rapidly 

and may negatively affect worker safety, productivity, and 

decision accuracy. By monitoring these fatigue dynamics, 

scheduling systems can anticipate periods when workers are 

likely to experience higher levels of strain. Task allocation 

can then be adjusted accordingly, distributing workload 

more evenly and inserting appropriate rest opportunities. 

Incorporating fatigue awareness into scheduling helps 

maintain stable performance while also protecting worker 

well-being and safety during greenhouse operations 

[23],[24]. 

H. Multi-Objective Extension 
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Beyond simple cost minimization, effective greenhouse 

scheduling must also consider fairness in workload 

distribution among workers. If tasks are repeatedly assigned 

to a small number of workers while others receive fewer 

responsibilities, this imbalance can lead to excessive 

workload pressure, fatigue, and dissatisfaction within the 

workforce. To address this issue, the scheduling approach 

incorporates a fairness constraint that limits the difference 

in workload or performance scores between workers. In 

practical terms, the system monitors the cumulative task 

load assigned to each worker and ensures that the difference 

between individuals remains within an acceptable tolerance 

range. This mechanism helps prevent situations in which 

certain workers consistently receive disproportionately 

demanding schedules. By maintaining relatively balanced 

task assignments, the scheduling framework promotes 

equitable workload distribution and reduces the risk of 

overwork. Such fairness-aware scheduling supports ethical 

governance principles while also improving workforce 

morale, trust, and long-term job satisfaction in greenhouse 

operations [25]. 

I. Practical Application 

The model is suitable for simulation and optimization in 

mid-scale greenhouses. By adjusting α,β,γ\alpha, \beta, 

\gammaα,β,γ and ϵ\epsilonϵ, managers can prioritize 

efficiency, equity, or worker well-being depending on 

operational goals. Comparative analyses—using line 

graphs of task completion versus workforce size—can 

highlight performance gains under algorithmic scheduling 

relative to traditional human-led allocation. Feedback loops 

from fatigue dynamics and fairness measures ensure that 

the algorithm adapts to real-time workforce conditions [26]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.2. The Scheduling Efficiency Comparison graph 

 
V. SIMULATION DATASET AND FATIGUE 

MODELING FRAMEWORK 

 

 To evaluate the proposed Greenhouse Algorithmic 

Management Model (GAMM), a structured synthetic 

dataset was developed to represent operational conditions 

in a mid-scale commercial greenhouse. The dataset captures 

daily workforce activity, environmental task allocation, and 

fatigue dynamics under both traditional supervisory 

scheduling and algorithmic optimization. 

 

A.  Fatigue Dynamics 

The simulated greenhouse has five operational zones which 

are the different microclimatic and crop-management 

conditions. There is a total of 30 workers in these zones and 

120 jobs generated per working day. Activities encompass 

crop inspection, pruning, harvesting, disease intervention, 

checking irrigation and sensor validation. 

 

The simulation is characterised with sensor-triggered 

events to reflect reality of unpredictability. These activities 

involve unusual humidity, unexpected changes in 

temperature, pest detection alarm, and irrigation 

breakdowns. Such events create high-priority tasks that 

need to be allocated immediately when triggered. 

The data is designed in such a way that it captures both 

productivity and worker well-being measures, allowing 

multi-objective performance measures. 

 

B.  Dataset Structure 

The synthetic dataset contains the following variables: 

 

Table IIIII:  CDataset Schema 

 
Skill levels influence task assignment feasibility, while task 

difficulty affects completion time and fatigue accumulation. 

Sensor alerts dynamically modify priority rankings under 

algorithmic scheduling. 
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C. Fatigue Modeling Approach 

Fatigue among workers is considered a dynamic condition 

that varies through out a work shift. The degree of fatigue 

also builds up progressively as the workers continue to 

work based on the intensity of the work, the duration, and 

the physical requirements of the work given to the workers. 

Activities that demand higher levels of energy or need more 

time to complete, usually add more to the fatigue buildup. 

Meanwhile, fatigue may also be reduced through the 

provision of workers with a sufficient rest or a recovery 

time. Energy can be replenished and the strain can be 

minimized by taking short breaks, reducing the intensity of 

work or rotating tasks. Thus, the level of fatigue at any 

given time is an indicator of the balance between the 

demands of workload and the possibility to rest. In the 

conventional greenhouse scheduling systems, the tasks are 

normally allocated in a sequential manner by the 

supervisors depending on the experience and the immediate 

operational requirements. This strategy has the unintended 

consequence of causing the concentration of a heavy 

workload on a small number of workers, which results in 

the unequal distribution of workloads and increased fatigue 

among some workers. Fatigue-aware algorithmic 

scheduling, in contrast, takes into consideration information 

on worker strain to assign tasks. The system tracks fatigue 

rates and implements workload balancing regulations so 

that no overconcentration of challenging assignments can 

be observed. The scheduling process can allocate work 

more evenly by taking into consideration fatigue thresholds 

when allocating work, thereby reducing the physical load 

and facilitating safer and more sustainable greenhouse 

activity. 

D. Comparative Scheduling Logic 

Two scheduling mechanisms are implemented: 

 

Traditional Scheduling 

⚫ Manual supervisor assignment 

⚫ Limited real-time fatigue consideration 

⚫ Priority based on experience and intuition 

⚫ Reactive response to sensor alerts 

 

Fatigue-Aware Algorithmic Scheduling 

⚫ Multi-objective optimization 

⚫ Real-time fatigue tracking 

⚫ Workload variance minimization 

⚫ Automated prioritization of sensor-triggered tasks 

 

The algorithm continuously monitors fatigue indices and 

redistributes tasks to prevent concentration beyond 

predefined thresholds. 

E. Graph 3 — Fatigue Over Shift 

Graph 3 illustrates fatigue accumulation across an 8-

hour shift under both scheduling models. 

Key observations: 

 

⚫ Traditional scheduling demonstrates nonlinear fatigue 

growth with peaks during high-demand periods. 

⚫ Algorithmic scheduling shows moderated fatigue 

increase due to balanced allocation. 

⚫ Fatigue variance among workers is significantly 

reduced in the algorithmic scenario. 

⚫ Recovery periods are more evenly distributed under 

optimization. 

The comparison highlights how embedding fatigue 

constraints into task allocation can simultaneously improve 

productivity and reduce physiological strain. 

F. Empirical Utilit 

The dataset enables: 

 

⚫ Efficiency benchmarking 

⚫ Fairness analysis 

⚫ Fatigue concentration detection 

⚫ Satisfaction modeling 

⚫ Bias testing in priority assignment 

By combining operational metrics with human-

centered indicators, the dataset supports comprehensive 

socio-technical evaluation of greenhouse algorithmic 

management systems. 

 

VI. WORKER MONITORING MODEL AND RISK 

IMPLICATIONSK 
The greenhouse management systems are now based on 

algorithmic management and depend on the digital 

performance monitoring. In contrast to traditional forms of 

supervisory observation, computational monitoring 

systems continuously measure worker activity, product 

quality, and measures of physiological strain. To 

operationalize this assessment process, the efficiency of 

workers is simulated as a composite measure which 

encompasses productivity, quality and fatigue. 

 

A.  Efficiency Formulation 

The efficiency of workers is measured on three factors 

which are productivity, quality of work, and fatigue. 

Productivity can be defined as any measurable outputs like 

the amount of tasks accomplished within a given time or the 



                                                                                                      International Journal of 
Scientific Research & Engineering Trends                                                                                                         

Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 
 

© 2026 IJSRET 

7 

 

rate at which given tasks can be accomplished. Quality is a 

measure of the level of accuracy and reliability of the 

worker in his/her work such as proper inspection of crops, 

proper handling of plants, and following of the working 

procedures. Fatigue is also mentioned as a significant factor 

since cumulative physical or cognitive load may have an 

adverse effect on performance. Workers can have slower 

response time, less concentration or less accuracy in their 

work as they grow tired. To compensate these factors, the 

assessment framework will provide varying ratings to 

productivity, quality and fatigue based on the priorities of 

operations. In an illustrative case, the system can focus on 

productivity during peak harvesting seasons to make sure 

that activities are carried out effectively. Conversely, when 

more precision is needed, in the process of activities like 

disease inspection or application of the treatment, quality 

can be more emphasized. The system offers a more 

balanced measurement of the efficiency of workers by 

combining these factors into a combined performance 

evaluation approach. In this way, the performance 

assessment will not depend only on the amount of output 

produced but will also be based on the quality of 

performance and the well-being of the workers, which will 

contribute to sustainable productivity in greenhouse work. 

B. Productivity Measurement 

Productivity is calculated using quantifiable indicators 

such as: 

⚫ Number of completed tasks. 

⚫ Timeliness of task execution. 

⚫ Responsiveness to sensor-triggered events. 

These measures are automated in algorithmic systems by 

measuring them in digital task logs and zone tracking 

systems. Although this kind of measurement brings about 

transparency and objectivity, too much focus on numerical 

output may inadvertently encourage speed over quality. 

Automated labor research indicates that the high 

performance visibility can lead to increased perceived 

pressure in employees, especially when performance 

measurement is directly related to a performance rating or 

compensation system [27]. 

C. Quality Assessment 

Quality metrics in greenhouse environments include: 

⚫ Accuracy of crop inspection. 

⚫ Proper application of treatment procedures. 

⚫ Damage minimization during harvesting. 

⚫ Compliance with operational standards. 

 

In contrast to productivity, the quality assessment can be 

partially human-read or sensor-based image analysis. 

Algorithms scoring minimizes subjective managerial bias, 

but can create measurement bias because the training data 

that support automatized evaluation systems are 

incomplete or unrepresentative [28]. Algorithms scoring 

without contextualisation may lead to warped evaluation 

of worker ability. 

 

 

D. Fatigue Monitoring 

Fatigue is treated as a dynamic physiological and 

cognitive state influenced by workload intensity and 

recovery opportunities. In greenhouse environments, 

fatigue may result from repetitive movements, prolonged 

standing, microclimatic heat exposure, and time pressure. 

Digital fatigue proxies may include: 

 

⚫ Task density over time. 

⚫ Consecutive high-difficulty assignments 

⚫ Reduced response speed. 

⚫ Declining quality consistency. 

 

Fatigue-adjusted monitoring ensures that performance 

evaluation does not penalize workers experiencing 

predictable physiological strain. Integrating fatigue as a 

subtractive factor in efficiency modeling prevents 

productivity-maximizing algorithms from inadvertently 

concentrating workload on high-performing individuals 

[29]. 

E. Monitoring Metrics and Associated Risks 

Although algorithmic monitoring offers precision and 

scalability, it introduces ethical and operational risks. 

 

Table IVVVI:  Monitoring Metrics and Associated Risks 

Variable Description 

Monitoring Metrics 

and Associated Risks 
 

Productivity 

Stress amplification due to 

constant performance 

comparison 

Quality 
Measurement bias from 

imperfect evaluation models 

Tracking 
Privacy intrusion and perceived 

surveillance pressure 

Fatigue 
Misinterpretation of temporary 

strain as underperformance 

 

F. Governance Considerations 

To mitigate monitoring-related risks, the following 

safeguards are recommended: 

 

⚫ Transparent explanation of performance metrics. 
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⚫ Periodic calibration of weighting coefficients. 

⚫ Human review mechanisms for disputed evaluations. 

⚫ Separation between productivity analytics and 

disciplinary procedures. 

⚫ Clear data retention policies. 

 

Embedding these governance mechanisms ensures that 

monitoring enhances coordination rather than becoming a 

mechanism of excessive control. Algorithmic management 

systems must balance analytical rigor with human-centered 

oversight to maintain legitimacy and sustainability [32]. 

 

VII.  COMPARATIVE ANALYSIS: TRADITIONAL 

AND ALGORITHMIC MANAGEMENT IN 

GREENHOUSE OPERATIONS 

The transition from supervisor-centered management to 

algorithmically coordinated workforce systems represents a 

structural shift rather than a simple technological upgrade. 

While both approaches aim to ensure productivity and 

operational reliability, they differ fundamentally in 

authority distribution, decision logic, monitoring intensity, 

and ethical visibility. This section presents a systematic 

comparison of traditional and algorithmic management 

models within greenhouse operations. 

A.  Scheduling Mechanism 

Traditional greenhouse management involves task division 

being undertaken by a human supervisor, who usually does 

so through experience and intuition, as well as informal 

knowledge of worker abilities. The scheduling choice can 

take into account skill variations and urgency, but is 

commonly reactive, and limited by real-time information. 

Subjectivity in workload distribution may arise as a result 

of subjectivity or lack of communication. 

 

On the other hand, algorithmic scheduling is based on 

optimization models, which are based on sensor data, skill 

matrices, fatigue cues, and task priority levels. Such 

systems are dynamic in that they redistribute tasks in 

response to changes in the environment. It makes the 

process of decision-making data-centric, basing its process 

on computational optimization, not on subjective judgment. 

Algorithms Studies on algorithmic coordination indicate 

that data-driven scheduling minimizes idle time and 

enhances the use of resources, especially in highly variable 

settings [33]. 

 

But as efficient as optimization is, it can lead to less 

flexibility in personal circumstances or team informality 

that human supervisors might need to adapt to. 

B.  Monitoring Structures 

The conventional monitoring is based mainly on personal 

observation and regular reviews of performance. The 

quality and productivity is evaluated by the supervisors by 

personal interaction and sight inspection. This method 

enables interpretation within a context but can create a lack 

of consistency and even bias. 

Algorithms management substitutes the observational 

management with the constant digital surveillance. The 

real-time data is captured as worker location, time spent on 

the task, quality metrics and responsiveness to alerts. 

Monitoring via sensors allows making a uniform 

performance assessment but makes the work of workers 

more transparent. 

 

Even though digital monitoring minimises the subjectivity, 

it enhances visibility. The studies on employee monitoring 

show that continuous gathering of data may change 

employee behaviour, with certain results stressful or 

perceived lack of autonomy [34]. The distinction is not just 

about the approach, but also about scale: algorithmic 

systems generate a data stream and are always on, as 

opposed to traditional supervision systems that only 

periodically generate data. 

C. Decision Speed and Responsivenessks 

The speed of decision making under the traditional systems 

is determined by the availability of managerial and flow of 

information. In cases of environmental disturbances- 

temperature surges or water shortages- supervisors will 

have to manually read data and reallocate workers. This can 

be associated with delays. 

 

Algorithms are systems which react to sensor-driven 

events. Priority ranking algorithms are also used to reassign 

tasks in real time which reduces the time wastage. Such 

responsiveness is useful in greenhouse settings that are very 

dynamic to improve operational resilience. Empirical 

research on cyber-physical production systems suggests 

that automated coordination enhances the reaction time in 

more complicated environments [35]. 

 

But quick decision-making can decrease the possibility of 

employee feedback. Automated responses put an emphasis 

on optimization at the system level, potentially at the 

expense of human preferences or situational judgment. 

D. Worker Autonomy 

Independence is a very important difference between the 

two models. The conventional management style generally 

provides the employees with moderate freedom of speed 

and task performance. Workflow is frequently determined 

by informal adjustments and coordination among peers. 

 

Standardization of task sequencing and monitoring of task 

compliance to the predetermined parameters are provided 

by algorithmic management. Autonomy is conditional, and 

does depend on system design. Workers might find that 

their timing and movement are strictly controlled by 
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algorithms, thus leading to diminished control. On the other 

hand, partial autonomy can be maintained because of the 

possibility of override in hybrid models of the human-in-

the-loop. 

 

The literature on the study of algorithmic workplaces 

implies that the loss of autonomy can be viewed as one of 

the main psychological issues related to computational 

supervision [36]. As such, the nature of autonomy in 

perception and experience is greatly affected by the design 

of governance. 

E. Ethical Visibility and Accountability 

Preferential treatment, unequal distribution of work, or 

implicit bias are some of the ethical concerns in systems 

that are not measured or formalized, and are only informal. 

There is seldom documentation of the rationales behind 

decisions. 

 

On the contrary, algorithmic systems produce records of 

traceable data. All assignments, grades and priority are 

recorded. Such traceability enhances the ethical visibility, 

which makes audits and fairness analysis possible. 

Ironically, as algorithmic management can bring new risks 

(e.g., an embedded bias), it can also establish accountability 

mechanisms that are measurable [37]. 

 

Transparency and explainability are thus a factor of ethical 

visibility of algorithmic systems. Visibility is not 

meaningful, but technical without interpretability. 

F. Summary Comparison 

Table VIIV:  Traditional vs Algorithmic Management 

 

Variable Traditional Algorithmic 

Management 

Features 

Comparison 

  

Scheduling 
Supervisor-based 

manual allocation 

Data-driven AI 

optimization 

Monitoring 
Periodic human 

observation 

Continuous 

sensor-driven 

tracking 

Decision Speed 

Dependent on 

managerial 

response 

Real-time 

automated 

adaptation 

Autonomy 
Relatively high 

and informal 

Variable; 

dependent on 

system design 

Ethical Visibility 
Limited 

documentation 

High traceability 

and audit 

potential 

 

Overall, algorithmic management enhances efficiency, 

responsiveness, and measurable accountability. However, it 

introduces structural changes in autonomy and surveillance 

intensity. The comparison demonstrates that the shift is not 

purely technical but organizational and ethical in nature. 

The effectiveness of algorithmic systems in greenhouse 

environments depends on balancing optimization with 

worker-centered governance principles. Efficiency gains 

alone do not determine sustainability; perceived fairness 

and transparency are equally influential. 

 

 

VIII.  GOVERNANCE FRAMEWORK 

 
Application of algorithmic systems in managing 

greenhouse needs to be governed in a structured manner to 

maintain ethical and responsible application. These systems 

have to be run on human principles because they affect the 

allocation of tasks, performance evaluation, and 

distribution of workloads. 

 

Explainability guarantees that the workers are aware of how 

tasks and scores are produced. Open rules enhance trust and 

decrease unpredictability. 

The consent and the participation of workers need to be 

effectively communicated regarding data collection and the 

goals of the system. Workers involvement in 

implementation enhances acceptance and cooperation. 

 

Data minimization restricts the amount of data collected to 

that required to operate, minimizing their privacy risk and 

avoiding over-monitoring. 

 

The right to appeal provides workers with the opportunity 

to question automated decisions and ask humans to evaluate 

them when the decisions seem wrong or unjust. 

Periodic fairness audit should be made to identify biasness 

in the allocation of tasks, fatigue, or performance grading. 

 

Table V:   Governance Models 

 

VARIABLE BENEFIT RISK 

GOVERNANCE 

MODELS 
  

FULLY AUTOMATED 
HIGH 

EFFICIENCY 

WORKER 

ALIENATION 
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VARIABLE BENEFIT RISK 

HUMAN-IN-THE-

LOOP 

BALANCED 

CONTROL 

SLOWER 

DECISIONS 

WORKER-DRIVEN GREATER TRUST 
LOWER 

OPTIMIZATION 

 

Fully Automated Model 

In this structure, algorithmic systems operate with minimal 

human intervention. Decisions are executed automatically 

based on optimization rules. While this model maximizes 

efficiency and consistency, it risks reducing workers to 

passive components within a computational workflow. 

Without safeguards, alienation and perceived loss of control 

may emerge. 

 

Human-in-the-Loop Model 

Here, algorithms generate recommendations, but human 

supervisors retain final authority. This hybrid approach 

balances analytical efficiency with contextual judgment. 

Although decision speed may decrease slightly, the 

inclusion of human oversight strengthens accountability 

and adaptability. 

 

Worker-Driven or Participatory Model 

In participatory systems, workers actively contribute to 

rule-setting, evaluation criteria, or feedback loops. This 

structure enhances trust and organizational cohesion. 

However, increased consultation may reduce the degree of 

pure optimization achievable under strictly automated 

systems. 

 

IX. DISCUSSION 

 
The outcome of the simulation suggests that algorithmic 

scheduling would be able to considerably improve the 

efficiency of operations in greenhouse settings. 

Nonetheless, when the element of fairness is not explicitly 

included, assigning tasks can result in the uneven 

distribution of fatigue among employees. With the help of 

the multi-objective optimization, the productivity and well-

being of the workers can be balanced so that the 

performance gains will not be at the cost of human health. 

Findings of the survey also indicate that worker 

dissatisfaction is mainly due to perception of being 

constantly watched and lack of autonomy. These 

observations highlight the need to have transparency and 

clear communication in an algorithmic management 

system. When workers understand the reason behind task 

assignments and performance evaluation, then the 

likelihood of accepting automated decision-making will be 

high. 

 

Algorithms management presents a special ethical problem: 

the more specific and measurable the decision-making 

process, the greater the responsibility to regulate it 

ethically. Such systems have auditable records unlike 

informal supervisory judgment which can also be used to 

hold accountability in the event that suitable governance 

mechanisms are established. 

 

Greenhouses offer a useful environment to study human-AI 

collaboration due to their highly structured processes and 

work sensitive to human labor, which is sensitive to the 

workload and environmental conditions. The lessons 

learnable in these controlled settings have the potential to 

apply in other areas outside agriculture, providing insights 

into manufacturing, logistics, and other areas where 

algorithmic management is being implemented. 

 

X. CONCLUSION 

 
Irrigation control is a new area in automated agriculture 

with algorithmic management in greenhouse applications. 

This paper shows that operational efficiency can be greatly 

enhanced with the help of the computational scheduling and 

monitoring, and can give a quantifiable performance data 

about the workforce. Concurrently, these systems present 

challenging ethical and human-centered issues, specifically 

workload equitability, autonomy, and perceived 

surveillance. 

 

Algorithms systems can increase the productivity without 

affecting the well-being of workers by integrating fatigue-

sensitive task assignment, multi-objective optimization, 

and open performance indicators. Mechanisms of 

governance such as explainability, consent, and rights to 

appeals and audits of fairness are essential in ensuring that 

automation complements and not replaces human labor. 

 

An efficient experimental setting to investigate the 

interaction between humans and AI systems is greenhouses. 

The lessons of this context can probably be applied to the 

other industries, including manufacturing and logistics, 

where algorithmic management is becoming more and more 

popular. Finally, ethical governance coupled with 

technological efficiency can enable organizations to enjoy 

the advantage of automation and ensure trust, fairness and 

satisfaction among workers. 

 

 

REFERENCES  
 



                                                                                                      International Journal of 
Scientific Research & Engineering Trends                                                                                                         

Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 
 

© 2026 IJSRET 

11 

 

1. Z. Lu, “A review of intelligent greenhouse systems 

based on Internet of Things control technology,” 

Applied and Computational Engineering, 2025. 

2. C. Maraveas, “Incorporating artificial intelligence 

technology in smart greenhouses: Current state of the 

art,” Applied Sciences, vol. 13, no. 1, p. 14, 2023. 

3. M. J. Bashir, S. Henna, and E. Furey, “Explainable AI 

for smart greenhouse control,” arXiv preprint, 2025. 

4. K. C. Kellogg, M. A. Valentine, and A. Christin, 

“Algorithms at work: The new contested terrain of 

control,” Academy of Management Annals, vol. 14, no. 

1, pp. 366–410, 2020. 

5. M. Möhlmann and L. Zalmanson, “Hands on the 

wheel: Navigating algorithmic management and Uber 

drivers’ autonomy,” in Proc. Int. Conf. Information 

Systems, 2017. 

6. A. J. Wood, M. Graham, V. Lehdonvirta, and I. Hjorth, 

“Good gig, bad gig: Autonomy and algorithmic control 

in the global gig economy,” Work, Employment and 

Society, vol. 33, no. 1, pp. 56–75, 2019. 

7. R. R. Shamshiri et al., “Advances in greenhouse 

automation and controlled environment agriculture: A 

review,” Computers and Electronics in Agriculture, 

vol. 162, pp. 731–757, 2018. 

8. Z. Lu, “A review of intelligent greenhouse systems 

based on Internet of Things control technology,” 

Applied and Computational Engineering, 2025. 

9.  “Design and application of facility greenhouse image 

collecting and environmental data monitoring robot 

system,” Smart Agriculture, 2020. 

10.  “Development status and prospects of intelligent 

control systems for greenhouses,” Science & 

Technology Journal, 2025. 

11.  “Review: AI applications in controlled environment 

agriculture,” Modern Agriculture, 2025. 

12. M. Narimani et al., “Developing an aeroponic smart 

experimental greenhouse for controlling irrigation and 

plant disease detection using deep learning and IoT,” 

arXiv, 2025. 

13. R. Bhadre and P. Yeole, “Deployment of AGRI-BOT 

in greenhouse administration,” arXiv, 2022. 

14. K. C. Kellogg, M. A. Valentine, and A. Christin, 

“Algorithms at work: The new contested terrain of 

control,” Academy of Management Annals, 2020. 

15. M. Möhlmann and L. Zalmanson, “Hands on the 

wheel: Navigating algorithmic management,” 

Academy of Management Discoveries, 2017. 

16. OECD, Algorithmic management in the workplace, 

OECD Publishing, 2023. 

17. International Labour Organization, “The Algorithmic 

Management of Work and Its Implications in Different 

Contexts,” 2023. 

18. Milanez, Lemmens, and Ruggiu, “Algorithmic 

Management in the Workplace: New Evidence from an 

OECD Employer Survey,” OECD, 2023. 

19.  “Algorithms as work designers: How algorithmic 

management influences the design of jobs,” Human 

Resource Management Review, 2023. 

20.  “Algorithmic Management in the Workplace,” ILO 

Topic Portal, 2023. 

21.  “Taylorism on steroids or enabling autonomy? A 

systematic review of algorithmic management,” 

Management Review Quarterly, 2023. 

22. M. Othman, “Workforce scheduling: A new model 

incorporating human factors,” Journal of Industrial 

Engineering and Management, 2019. 

23.  “Optimising stochastic task allocation and scheduling 

plans for mission workers subject to learning–

forgetting, fatigue–recovery, and stress–recovery 

effects,” Expert Systems with Applications, vol. 229, 

p. 120524, 2023. 

24.  “Workforce management and resource selection with 

fairness,” IFAC-PapersOnLine, vol. 59, no. 10, pp. 

2165–2170, 2025. 

25. K. Ma, C. Yang, H. Xu, H. Lv, and F. Hong, “A fast-

flexible strategy based approach to solving employee 

scheduling considering soft work time,” Scientific 

Reports, vol. 14, p. 6170, 2024. 

26. E. Pérez-Cubero, R. Poler, and E. Vicens, “Workforce 

scheduling incorporating worker skills and ergonomic 

constraints,” Journal of Scheduling, 2025. 

27. R. Parasuraman and V. Riley, “Humans and 

automation: Use, misuse, disuse, abuse,” Human 

Factors, vol. 39, no. 2, pp. 230–253, 1997. 

28. A. Selbst, D. Boyd, S. Friedler, S. 

Venkatasubramanian, and J. Vertesi, “Fairness and 

abstraction in sociotechnical systems,” in Proc. FAT, 

2019. 

29. S. Kumar and A. Kumar, “Fatigue modeling and 

workload balancing in industrial environments,” Int. J. 

Ind. Ergonomics, vol. 72, 2019. 

30. M. Kellogg, M. Valentine, and A. Christin, 

“Algorithms at work: The new contested terrain of 

control,” Academy of Management Annals, vol. 14, no. 

1, pp. 366–410, 2020. 

31. N. Ajunwa, “The paradox of automation as anti-bias 

intervention,” Cardozo Law Review, vol. 41, 2020. 

32. B. Mittelstadt, P. Allo, M. Taddeo, S. Wachter, and L. 

Floridi, “The ethics of algorithms: Mapping the 

debate,” Big Data & Society, 2016. 

33. E. Brynjolfsson and A. McAfee, The Second Machine 

Age, W. W. Norton & Company, 2014. 

34. K. Ball, “Workplace surveillance: An overview,” 

Labor History, vol. 51, no. 1, pp. 87–106, 2010. 

35. L. Monostori, “Cyber-physical production systems: 

Roots, expectations and R&D challenges,” Procedia 

CIRP, vol. 17, pp. 9–13, 2014. 

36. A. Kellogg, M. Valentine, and A. Christin, 

“Algorithms at work: The new contested terrain of 

control,” Academy of Management Annals, vol. 14, no. 

1, pp. 366–410, 2020. 



                                                                                                      International Journal of 
Scientific Research & Engineering Trends                                                                                                         

Volume 12, Issue 2, Mar-Apr-2026, ISSN (Online): 2395-566X 
 

© 2026 IJSRET 

12 

 

37. B. Mittelstadt, P. Allo, M. Taddeo, S. Wachter, and L. 

Floridi, “The ethics of algorithms: Mapping the 

debate,” Big Data & Society, 2016. 

 

 

Master’s degree in Management Science and 

Engineering at Hubei University of Automotive 

Technology 

 

MD Jaynul Abedin 

 
 

I am a Master’s degree student in Management Science and 

Engineering at Hubei University of Automotive Technology, 

China. I have over two years of professional work experience in 

the field of foreign trade, along with practical experience as a 

professional graphic designer. My academic and professional 

background has helped me develop strong analytical, 

communication, and design skills, with a growing interest in 

research and applied problem-solving in management and 

technology-related fields 


