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Data-Driven Precision Harvest Planning via Visual Growth Forecasting
Junhan Wen , Thomas Abeel , and Mathijs de Weerdt

Delft University of Technology, Delft, The Netherlands

ABSTRACT
While Artificial Intelligence (AI) techniques have been widely applied to problem-solving, 
their true transformative power lies in enhancing people’s practice. For instance, in 
greenhouse agriculture, data analytics can enhance crop monitoring and resource 
planning; computer vision can support detecting crops and their conditions; and 
machine learning methods can foster tasks such as quality assessment and yield predic
tion. However, these technologies are often deployed only in isolated stages of cultiva
tion, highlighting the absence of an integrated pipeline that connects them to what is 
desired in real-world practices. To bridge this gap, we propose CROPI – Computer vision 
for Resource Optimization and Precision harvest using Image data. CROPI is developed 
with four core functionalities: i) we propose and justify using hue as an objective 
redefinition of fruit ripeness; ii) we parameterize the ripeness development over time 
by analyzing growth monitoring images; iii) we develop predictive models to forecast 
the growth of new fruits; and iv) we optimize fruit-level harvest plans by aligning 
predicted growths with sequential demands. We demonstrate this approach using 
strawberries as the use case. By integrating insights from data mining and machine 
learning into harvest planning, CROPI lays the foundation for next-generation precision 
agriculture, ensuring efficiency, sustainability, and improved yield management.

Introduction

Effective and efficient planning in real-world scenarios often calls for a combination of diverse, interdisci
plinary techniques to extract meaningful structure and insights from data in the wild. Such data are typically 
multimodal, noisy, and sometimes scarce, demanding the methodical integration of complementary 
methods to bridge the gap between heterogeneous inputs and abstract, behavior-level targets. For example, 
when optimization algorithms are used to guide future plans, their utility depends heavily on accurate 
representations of the current state. This, in turn, necessitates the use of artificial intelligence (AI) to process 
unstructured inputs into reliable, real-world assessments and forecasts. However, many existing technol
ogies focus narrowly on isolated subtasks, resulting in a lack of integrated, end-to-end workflows. 
Addressing this gap requires a paradigm that unifies data-driven methods to orchestrate insights from 
diverse sources in a coherent and task-oriented manner.

A typical field that is currently being reshaped by information technology and AI is agriculture, leading 
to the call for “precision agriculture,” where in-field data are utilized to perform actionable crop- 
management decisions (Das et al. 2015). Machine learning models are widely applied to support tasks 
such as yield prediction and crop counting (Bali and Singla 2021; Elhariri, El-Bendary, and Mahmoud Saleh  
2023; Hassanjani Roshan, Kazemitabar, and Kheradmandian 2022; Mavridou et al. 2019; Pattnaik, 
Shrivastava, and Parvathi 2020). However, most existing solutions remain confined to narrow, stand- 
alone applications: for example, serving as specialized computer vision models or as systems that merely 
mimic human judgment. Developed in isolation, they are difficult to integrate into the broader decision- 
making pipelines growers require, whilst what is needed instead is integrated, interdisciplinary analytics that 
provide objective, actionable insights. Hence, we introduce CROPI, an interdisciplinary, end-to-end work
flow that combines machine learning, computer vision, and algorithmic components into a seamless 
framework for a realistic challenge: using accessible in-field data to determine optimal harvesting strategies, 
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which can assist both immediate and future decisions. An illustrative outcome of CROPI, optimizing a daily 
demand of three fruits across all 32 fruits observable in the field of view, is presented in Figure 1 and 
demonstrates its potential to support practical, data-driven harvesting decisions.

To contextualize the environment in which CROPI operates, we turn to the widely applied market 
model, which is also called “contract farming.” Contract farming is a marketing arrangement in which 
growers sell most of their agricultural products to downstream buyers – typically large wholesalers with 
sufficient scale to exert bargaining power – with terms regarding supply quantity, quality, delivery 
schedules, and pricing. These pre-arranged conditions create a stable and predictable demand environ
ment for growers, an increasingly attractive feature in modern agricultural markets, particularly for 
perishable products such as soft fruits (Hueth et al. 1999; Otsuka, Nakano, and Takahashi 2016). Yet this 
contractual stability coexists with structural asymmetries: many growers involved in these arrangements 
are of a small scale and operate independently, which can place them at a disadvantaged position when 
negotiating with larger buyers who hold greater market power (Bellemare and Bloem 2018; Hueth et al.  
1999). Moreover, the consequences of breaching such contracts can be severe, while production risks are 
borne primarily by the agricultural industry (Bellemare and Bloem 2018; Otsuka, Nakano, and Takahashi  
2016). Consequently, this forces the growers to continuously adjust decisions in their daily harvest 
practices, e.g. re-deciding the minimum maturity of fruits to be harvested, to meet the contracted 
demands without exceeding them by much. As of now, with limited tools to quantify maturity and 
model growth, decisions largely depend on the growers’ expertise. Managing these complexities requires 
more advanced, data-driven approaches that can account for both analyzing growth dynamics and 
optimizing harvest timing.

To this end, we develop CROPI: an end-to-end workflow that leverages temporal, in-field data to 
optimize sequential harvest decisions. Combining computer vision, machine learning, and optimization, 
CROPI supports precision agriculture by aligning growth monitoring with downstream demand: in the first 
place, we propose using hue values as an objective alternative to eliminate inconsistencies in subjective 
quality assessment, together with color constancy algorithms. Second, we quantify the growth process using 
parametric functions (Richards 1959); while autoregressive models avoid potential curve-fitting errors, we 
find parametric fitting offers high accuracy with significantly lower computational cost. Third, machine 
learning models leverage these records to forecast future growth, enabling proactive greenhouse manage
ment. Finally, an assignment optimization algorithm integrates these predictions with demand to stream
line sequential harvest scheduling.

To the best of our knowledge, no existing approach integrates the analysis and predictions of biological 
development with downstream demands to optimize the harvest, thereby enabling planning at the indivi
dual-fruit level. CROPI bridges this gap by mining key information from temporal monitoring data (which 
are mostly images), using this for forecasting daily production, and matching this to daily demands. 
Specifically, it converts time-lapse images into fruit-level time series that support predicting the maturity 
levels during growth, and disaggregates higher-level harvest demands (e.g., in kilograms) into per-fruit 
targets per day, so as to enable both sides of the optimization problem to be expressed at the fruit level. 

Figure 1. Composite photograph comparing CROPi harvest plan and actual harvest in a week. The left image shows a plan 
from CROPi under a daily demand of three fruits; the right shows the greenhouse’s actual practice during the same period. 
In both images, “+d�” indicates that the harvest is planned to be � days later, or had occurred � days from the time the 
image was taken.
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Through this alignment, CROPI enables integrated, fruit-level optimization using data accessible in the 
field, which further paves the way for the broader adoption of more autonomous, data-driven farming 
techniques.

This paper begins by formally defining the problem (Section “Problem formulation”), followed by an 
introduction to the conceptual workflow of CROPI and the methodologies underlying each of its compo
nents (Section “Methodology”). This workflow is demonstrated using realistic strawberry growth records 
from greenhouse practices (Section “Experiments and demonstrations”). Strawberries are selected as the use 
case because their growth stages are typically reflected by changes in hue, and because open-source image 
datasets are available that enable individual-fruit–level monitoring (Wen, Verschoor, and Feng 2024).

Overall, the contributions of this paper lie in:

● a novel, end-to-end AI workflow that integrates multi-modal greenhouse monitoring data in a unified 
framework, enabling more precise and adaptive decision-making in precision agriculture;

● a vision-based method for objectively assessing fruit maturity in the field, enabling further parametric 
modeling approaches that support crop development predictions;

● an optimization strategy that jointly considers growth dynamics and market demand to optimize 
harvest decisions, providing a computationally efficient method for sequential scheduling.

Background and related work

Current practice with vision data

The development stages of many crops are defined by the change in appearance during the biological 
development of the plants. For fruits that show an evident color change among stages, color cards are 
designed to improve the consistency for people to assess the maturity level (Ayala-Silva et al. 2005; CTIFL). 
Hence, image analysis and machine learning are widely adapted to predict ripeness (Mavridou et al. 2019). 
The intuitive development of models, predicting human labels from images, can also be easily plugged with 
developed object detection frameworks to perform on scale. Nonetheless, in order to lift their efficiency, 
workers may rely more on their experience than the color cards in practice. While most existing works 
focused on classifying the maturity stages that are assessed by people, they essentially introduce subjectivity 
to the objective assessments. Thus, in this paper work, we propose redefining ripeness labeling by 
quantitative color analysis to achieve true objectiveness in the modeling. We believe this leads to more 
consistent results and better defines a continuous space of ripeness rather than manual categorization with 
vague and potentially overlapping boundaries.

To use color as the primary characteristic for defining ripeness, it is crucial to minimize illumination 
variations caused by factors such as the time of image capture and changes in viewing angles (Sala et al.  
2020). Preliminary research on identifying fruit ripeness using image data was usually conducted with 
laboratory settings to limit the influences (Jha, Chopra, and Kingsly 2007; Lee, Archibald, and Xiong 2011). 
In fact, computer vision techniques such as color correction algorithms (Gijsenij and Gevers 2011; Goatman 
et al. 2003) and generative algorithms (Cai et al. 2024; Z. Li and Snavely 2018) are practical for conducting 
robust and adaptive corrections. We believe these promising candidates can facilitate the use of in-field data, 
which leads to higher applicability of the entire machine learning framework.

Formulation of growth functions

In agricultural research, parametric functions have been used to model crop growth, including overall devel
opment, future, and even seasonal production (we use the term “growth function” from here on). The sigmoid 
function, or the more generalized form, Richard’s function (Richards 1959), is a widely used mathematical 
model to parameterize the growth of many crops (Gerhard and Moltchanova 2022; Jannatizadeh et al. 2023). In 
research where the growth models were considered to optimize harvests, researchers took fixed coefficients 
from statistics of species (Harel, Edan, and Perlman 2022). However, when other influencing factors, such as the 
growing environment and cultivation treatments, are omitted, the growth models are not precise enough to 
provide realistic predictions applicable to actual harvests (Hopf et al. 2022).
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A major reason for this limitation is the lack of comprehensive analyses that account for variations in 
time, location, and treatment conditions. One promising way to address this gap is through the mining of 
crop growth monitoring data, which, as previously discussed, provides a directly accessible source of 
information for capturing these variations. In this context, computer vision techniques play a key role by 
enabling objective analysis and helping extract consistent, generalizable insights from the data.

Prediction of future growth

Looking from the dimension of time, growth functions are time-ordered data, typically shaped by species- 
specific patterns but influenced by environmental conditions. Forecasting growth, then, becomes a task of 
completing the function based on partial observations, i.e., predicting future development from what has 
been observed so far. This forecasting task can be framed as a next-token prediction problem, where the 
model continues the observed sequence by mimicking its underlying process. This approach, common in 
natural language processing (Achiam et al. 2023), has also proven effective in traditional time-series 
forecasting (Qiu Nate Gruver, Finzi, and Gordon Wilson 2023; Zhang et al. 2024).

Alternatively, since the growths tend to follow a similar pattern, k-nearest neighbor (k-NN) and 
clustering methods can help advance analysis by capturing temporal dependencies and complex trends 
through distance-based comparisons (Ahmed et al. 2023). Besides traditional measures like Euclidean 
distance, specialized metrics such as autocorrelation and Dynamic Time Warping (DTW) (Sakoe and 
Chiba 1978) could be more practical to be considered. When the data contains noise or perturbations, 
distances like softDTW (Cuturi and Blondel 2017) and LB Keogh lower bound (Keogh and Ratanamahatana  
2005) are preferred, as they offer greater robustness by accommodating temporal mis-alignments and 
outliers. With these metrics, the aforementioned machine learning methods could work more effectively.

Harvest and supply optimization

Existing research on agri-food supply optimization has typically addressed broader, more general problems, 
on which researchers often employed linear programming or dynamic programming models to incorporate 
uncertainties and constraints (Omar and Rene Villalobos. 2009; Taşkıner and Bilgen 2021). The imple
mentation of such methods tailored the solutions to focus on decision-making at the level of management 
units or batches (Catalá et al. 2016; Gómez-Lagos et al. 2021). However, this approach remains distant from 
the practical realities faced by harvest robots. Alternatively, in solutions for other practices, when the 
optimization is framed as an assignment problem and subjected to proper feasibility checks (Cacchiani, 
Caprara, and Toth 2010; T. Li, Li, and Qian 2016), the Hungarian algorithm can achieve optimized planning 
within polynomial time (Kuhn 1955; Lavanya and Santhi 2021).

Problem formulation

Context and definition

In this paper, we investigate a real-world use case that integrates analytics of fruit (growth) development 
with the optimization of harvest decisions. For non-climacteric fruits like berries, which do not keep 
ripening after picking, their maturity at harvest directly determines selling quality. Therefore, 
CROPI primarily focuses on optimizing the timing of harvest by aligning fruit growth stages with delivery 
requirements.

The problem involves two fundamental sources: on one side, cameras in greenhouses monitor fruit 
growth through videos or time-lapse images, enabling us to reconstruct past development and predict future 
ripeness by associating changes with frame timestamps. On the other side, delivery contracts provide known 
requirements, specifying quantities and deadlines in advance. Hence, we model the problem as an assign
ment optimization: allocating harvest times to fruits to best meet quality and delivery targets.

Formulation

Overall, the problem is formally defined as:
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● Given:

● The growth monitoring of fruits j 2 f1; 2; . . . ;Ng, in the form of video frames or image series.
● The demand from downstream Dt; t 2 f1; 2; . . . ;Tg, which are sequential and are fixed from 

contracts.
● Other related records, e.g. weather in the past.

● Find:

● The optimal plan, defined as a set of binary actions xjt(“harvest or not”) over time t for each fruit j.

The corresponding optimization problem is formulated as:

● Objective:
● Maximize the profitability of selling by planning xjt :

● Where the profit Vjt is assessed by scoring the growth of fruit j at the proposed harvest time t.
● Constraints
● As a natural constraint, one action per fruit, i.e. ΣT

t¼1xjt � 1; xjt 2 ½0; 1� for j 2 f1; 2; . . . ;Ng.
● Each growth is modeled as an independent time-dependent function GjðtÞ, i.e. harvesting j will not 

significantly impact others’ G ð!jÞðtÞ of the plant.

Data source

In the demonstration of this paper, we primarily utilized public image datasets to evaluate the approach 
under a spectrum of demands. Our inputs cover the following categories:

Greenhouse monitoring
“The Growing Strawberries” Dataset (GSD) (Wen, Verschoor, and Feng 2024) collected on-site time- 
lapse images during cultivations in two years. Example raw images are depicted in the first row of 
Figure 6. Its annotations for a multiple object tracking (MOT) task identify the growth of individual 
strawberries, from which we can curate datasets for growth monitoring and forecasting in the following 
demonstration.

In addition, we used the timestamps of the monitoring images to align the cultivation record with on-site 
climate computer measurements (Wen et al. 2023) and close-site weather data (Hersbach et al. 2023), so as 
to provide more input features for the prediction task.

Future demands
Due to the lack of relevant public data, we designed a set of typical comparative scenarios to simulate the 
demands required for our analysis. These scenarios represented cases in which demand could be higher 
than, close to, or lower than projected future yields. The synthetic data was crafted to reflect realistic 
conditions and generate meaningful insights for the study.

Fruit maturity assessment
In addition, we discuss the outcomes of our proposed objective ripeness assessment in Ripeness evaluation, 
and compare them with descriptive assessments or discrete scores assigned using typical datasets provided 
by (Elhariri, El-Bendary, and Mahmoud Saleh 2023) and (Wen et al. 2023) respectively.
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Methodology

Figure 2 depicts the workflow of our proposed solution. The solution utilizes accessible on-site data from 
real-world greenhouses to optimize the sequential harvest decisions based on predictive growth models of 
fruits, so as to support the decision-making of how much and which fruits to harvest for the best possible 
match to the demand over time. The methodologies of the four main functionalities, as identified by the 
diamond shapes, are introduced in the following subsections, and demonstrated in Ripeness evaluation to 
5.4 respectively.

Processing the images

The right subplot of Figure 2 illustrates the main and branched streamlines of the image processing 
workflow. Given videos or image series capturing crop growth, multiple object tracking (MOT) algorithms 
can identify individual strawberries and therefore reveal the individual growth pattern of every fruit. To 
reduce noise in the further processing, segmentation models, or taking a subarea in the detected bounding 
box as an approximating alternative, can be applied on top of the MOT results. In the meantime, since many 
cultivation environments use only limited lighting control, color consistency correction methods such as the 
Gray World (Goatman et al. 2003), intrinsic color decomposition (Z. Li and Snavely 2018), or style transfer 
models (Cai et al. 2024) can also be added to the main workflow.

We chose strawberries as an example because fruit color is a widely accepted indicator of maturity (Made 
Defy Janurianti 2021), making it a simple yet representative case for demonstrating CROPI. Traditionally, 
ripeness is assessed by comparing fruits to reference color cards or personal expertise. While computer 
vision offers more consistent and objective evaluations, current methods often rely on subjective human 
annotations to train models from scratch or fine-tuning from object detectors like YOLO or R-CNN. Since 
biological development is continuous and lacks clear stage boundaries, we propose using the fruit skin’s hue 
to eliminate human error and ensure true objectivity. In the specific case of strawberries, we used the A* 
value from the CIELAB color space (Schanda 1996), which reflects their natural growth in a straightforward 
manner – from green on the negative axis to red on the positive axis. The A* values collected over time form 
(timestamp, color) pairs that serve as the raw data for growth modeling.

Modeling the growths

We considered two ways of developing growth models: (1) a traditional method that fits development using 
a logistic growth function, referred to as the “parametric growth function,” and (2) a deep learning approach 
inspired by natural language processing (NLP), which models growth as a time-based sequence using an 
autoregressive next-token prediction (NTP) strategy. Given its roots in NLP techniques, we refer to 
the second approach as the “growth language” model.

Figure 2. Pipeline of the CROPi framework, divided into two main sections: the preparation phase and the application 
phase. The core functional components, represented by the four color-coded diamond shapes, are benchmarked and 
discussed respectively in subsections of Section “Methodology” to Section “Experiments and demonstrations”. Specific steps 
of the first stage, “process images,” are provided within the additional section on the right.
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Fit to parametric growth functions
Both Richard’s curve and the logistic function are suitable for modeling the typical smooth-rapid-smooth 
growth pattern, as illustrated in Figure 6. Between them, the fewer coefficients for the logistic function, as 
shown in Equation (2), make it more robust and efficient for fitting noisy real-world data (Jannatizadeh 
et al. 2023) and thus make it more applicable for our case. Example growth functions are shown as dashed 
lines in Figure 7. Its alignment with natural biological growth trends also allows us to identify potential 
detection or tracking errors by comparing the fitted parametric curve to the raw A* value trajectories. Such 
a comparison also highlights potential errors in GSD annotations, helping us refine the dataset before 
training the predictive models. 

Note that since MOT is not the main task of CROPI, we used the revised annotations in the Experiments 
and demonstrations section. Moreover, existing benchmarks from (Wen, Verschoor, and Feng 2024) 
indicate that the primary bottleneck for state-of-the-art MOT algorithms on GSD lies in the track ID 
association stage, whereas the object detection performance remains on par with the performance on larger 
and more widely used datasets. Consequently, relying on ground-truth annotations enables us to obtain 
more complete and reliable growth tracks, which in turn provides stronger supervision for training the 
subsequent prediction models. For future applications on new monitoring data, we can still employ real- 
time MOT algorithms to keep track of each new fruit’s growth.

Train growth language models
Beyond parametric function models, deep learning offers a more flexible way to capture growth patterns. 
Since input data lengths vary in realistic applications, NTP provides a practical mechanism for fully 
leveraging all available observations. In parallel, the increasing availability of large language models 
(LLMs) has made transfer learning particularly appealing for domains with limited datasets, such as 
agriculture. Accordingly, in developing CROPI, we explored both training NTP models from scratch and 
from fine-tuning open-source LLMs to learn the growth patterns of the crops.

In experiments in Growth prediction, we applied nanoGPT (Karpathy 2022) to build our growth language 
models. We selected nanoGPT because its computational requirements remain manageable on a single 
NVIDIA A40 GPU, and its modular architecture integrates effectively within our multi-stage workflow 
without requiring substantial engineering effort. As the computational demand is still very high, we limited 
each model’s training time to a maximum of 36 hours.

Predicting the growths

For growth prediction, the goal is to estimate future development over a fixed time range based on the 
ripeness states observed so far (i.e., MOT results up to that moment) for strawberries in a given frame. To 
this end, we used the GSD dataset (Wen, Verschoor, and Feng 2024), which provides both image series and 
MOT annotations from 2021 and 2022, and enables two train–test splits: (i) training on one camera’s 2021 
series and testing on another camera’s 2021 images, and (ii) training on all 2021 images and testing on 
a single camera’s 2022 series.

In addition to the image data, we incorporated near-site weather. For 2021 we also have on-site micro- 
climate data available (Wen et al. 2023), but did not include this because it would limit the possibility of 
evaluating cross-season generalization.

When using the growth language model, we treated each series as independent and added separating 
tokens at the end. However, a fixed forecast length can cause the model to predict a separating token 
prematurely, triggering a “new” series to be predicted without any observation. To address this, we replace 
all predictions after the first separating token with the last valid token before it, until the forecast period 
ends. This approach reflects the idea that maturity cannot decrease, and the extended stay in the mature 
stage can be handled later using the scoring function described in Optimizing the harvest plans.

When fitting the parametric growth function, we first filtered by min. length, max. initial, and min. 
ending to ensure the task uses relatively more complete growth monitoring records throughout the seasons. 
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These, together with relevant climate data from near-site sources, formed the “knowledge” of the model, 
which is also considered as the “training set.”

Since the training and testing sets cover different periods but share the same hourly resolution, we 
developed a two-stage algorithm to estimate growth function coefficients: In the first stage, we identified 
growth functions from the training set whose inflection points (t0 in Equation (2)) fall within a narrow time 
window. The primary inflection point T00 of the testing set was determined by aggregating votes from 
growth observations that have passed the lag phase (Fang et al. 2022), i.e. which are characterized by a clear 
transition from green to red, by comparing pattern similarities with historical growth observations or 
climate data in the training set. In the second stage, after narrowing down the candidate growth functions 
based on T00, we estimated the fruit-specific inflection dates T0j;0 and the associated coefficients A, B, and C of 
Equation (2). These parameters were obtained by reapplying the similarity measures to identify the most 
compatible growth function for each fruit j. To assess these similarities, clustering, autocorrelation (auto
corr.), and sliding-window k-NN (s.k-NN; as illustrated in Figure 3) were used for growth data, while 
clustering, 2D-autocorr., and k-NN were applied to 2D data of historical climate. S.k-NN with the same 
metric was used in the second stage if the first stage used a clustering method.

Optimizing the harvest plans

The ultimate task of CROPI is to maximize the quality of supplies through planning the sequence of 
harvesting actions. We model this as an assignment optimization problem, where each fruit is assigned an 
optimal harvest time to ensure the best possible outcome. For non-climacteric fruits such as strawberries, 
which stop growing once harvested, the problem is equivalent to maximizing the overall quality at each 
fruit’s harvest moment. The reward of harvesting a fruit j at time t, denoted as Vjt , can be assessed by the 
growth stage, GjðtÞ. In Figure 4, we illustrate a few scoring options – such as binary, fuzzy logic, and fuzzy 
logic with timing penalties – which serve as examples but are by no means exhaustive.

We treated the harvesting decisions, denoted as a binary variable xjt , as optimizing the assignment 
between fruit growths and harvest time slots. Hence, the fundamental form of the objective function, which 
is commonly referred to as the cost matrix in assignment problems, is defined as follows: 

Building on this formulation, we discretized the greenhouse-level demand based on visible plant area, 
resulting in integer-valued demands for each time slot, i.e., Dt 2 N;"t 2 f1; 2; . . . ;Tg. This setup enables 
the use of the Hungarian method to perform the optimization, which also guarantees that each element in 
the smaller set is matched to one in the larger set (Kuhn 1955). As a result, if supply exceeds demand, some 
fruits will not be scheduled for harvest; if demand is too high, even the greenest fruits may be assigned. To 
address these impractical scenarios, we introduce two additional options: an oversupply allowance D0t , 

Figure 3. Demonstration of the s.K-NN method. The observation is shown in dark brown, with lighter shades indicating the 
ground-truth future. Thinner lines are growth functions from the training set. For each observation, the k functions with the 
highest similarity and the corresponding window sliding pointers are noted to estimate T 0j;0.
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representing an alternative supply venue where the demand and/or price might be (δ-)discounted; and 
a postponed harvest by placing a dummy demand variable D1. The corresponding decisions are denoted as 
yjt and zj, respectively. With these options included, the objective function is updated accordingly: 

Hence, when xjt ¼ 1 or yjt ¼ 1 in the solution, the optimal harvest time for that fruit j is the correspond
ing t. If zj ¼ 1, the fruit is excluded from this given harvesting period t.

Since no established metrics exist for evaluating fruit-level harvest activities, we assess the outcome plans by 
estimating the “reward,” i.e. VjðtÞ as in Equation (4), assuming a constant daily demand per fruit. This 
assumption reflects both the unavailability of real-world grower-specified demand data and the fact that 
a substantial portion of sales is predetermined through contractual agreements, making daily demand effectively 
constant within our discretized framework. In the section “Harvesting optimization” (Experiments section), we 
compare the plans optimized using predicted fruit growth with three benchmarks: (i) the actual harvest, derived 
from MOT annotations in GSD; (ii) a simple “harvest all mature fruit” policy, applied directly to the recorded 
growth data; and (iii) optimized plans using parametric growth functions fitted to those records (“complete 
simulation” in Table 3). To ensure a fair comparison, we applied a fuzzy-logic scoring system that accounts for 
penalties, as later visualized in Figure 4, under the simulated parametric growth setting to calculate VjðtÞ.

Experiments and demonstrations

This section demonstrates the methodologies employed to execute the four principal functions of the 
solution pipeline, corresponding to the color-coded components in Figure 2.

Ripeness evaluation

To illustrate the necessity of using color as an objective measure to assess ripeness, we first compared the 
exact color values from the fruit with the maturity labels provided by the datasets, which are annotated by 
agricultural experts (Elhariri, El-Bendary, and Mahmoud Saleh 2023; Wen et al. 2023). For computational 
efficiency and to limit the influence of background pixels, we extracted the center 50% of each detection 
bounding box (bbox) and computed the average A* value over this region. We compared these assessments 
with the original ripeness labels provided by the two datasets: StrawberryDS from Elhariri et al. (Elhariri, El- 
Bendary, and Mahmoud Saleh 2023) that uses six descriptions to categorize fruits from early growth until 
peak ripeness, and the quality assessment collection from Wen et al. (Wen et al. 2023) that uses a discrete 
grade from 1 to 10 to identify the maturity levels. Note that the latter dataset only consists of harvested 
strawberries due to other measuring purposes, resulting in the labels not being distributed over all values.

Figure 5 illustrates a trend where A* values generally increase with higher ripeness levels. However, some 
overlap exists between distributions, especially when the categories are too fine. These overlaps likely stem 

Figure 4. Three example scoring methods for harvests at different future moments, applied to predictions from our 
nanoGPT model. Each panel shows a different scoring method applied to the same data. We highlighted the score change 
from three typical observation patterns, as noted in the legend.
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from the subjectivity of human labeling or occlusion by other objects in view, with subjectivity being the 
primary factor. This is particularly significant because such ambiguity is even more evident in (Wen et al.  
2023), where the classification boundaries are vague due to class refinement. Hence, the inherent differences 
between human and machine labeling efforts further underscore the need for objective metrics.

This experiment validates using hue (or A* in this case specifically) as the primary reference rather than 
just a supplementary aid, to reduce subjectivity and improve consistency in ripeness evaluations. This 
approach not only supports more transparent and data-driven supply negotiations but also lays the 
foundation for building a quantitative, continuous growth model, as further demonstrated in the following 
functionalities of CROPI.

Growth function formulation

When we applied an objective ripeness evaluation as presented in Ripeness evaluation to process growth 
monitoring data, we could record the biological development as a time-based function. In Figure 7, we 
demonstrated this methodology using the growth monitoring images and MOT annotations of GSD (Wen, 
Verschoor, and Feng 2024).

As shown in Figure 7, the A* value generally increases over the stages of biological development, though 
at varying rates. However, notable noise causes fluctuations, primarily due to changes in illumination 
conditions during the monitoring period. Among these, the most significant variations can be eliminated by 
filtering image data using a brightness threshold, as illustrated by the half-transparent lines in Figure 7.

To further mitigate the impacts of the varying illumination, we tested a few color correction methods on 
the image data, as demonstrated in Figure 6. The growth functions after selected pre-processing are shown 
as other colored lines in Figure 7. A comparison of Figures 6 and 7 shows that intrinsic image decomposi
tion reduces temporal fluctuations, but at the cost of diminished image contrast and a narrower range of hue 
values. Generative models used for style transfer also improved color consistency from a perceptual 
standpoint; however, they sometimes introduced unpredictable sharp values, which adversely affected 
further processes. In contrast, although the Gray World algorithm offered a more modest adjustment, its 
deterministic nature ensures that it behaves consistently and avoids the instabilities of generative 
approaches. Thus, we used its output in subsequent demonstrations.

Growth prediction

Given the available crop observations up to the decision-making point, we frame growth prediction as 
a completion task – estimating the full developmental trajectory from incomplete data. To this end, we 
explored two approaches: 1) training a growth language model to perform autoregressive next-token 

Figure 5. Distribution of A* values of fruits in images under different ripeness labels. The left comparison uses the training 
set from Elhariri et al. (Elhariri, El-Bendary, and Mahmoud Saleh 2023). The right plot uses the full dataset from Wen et al. 
(Wen et al. 2023). The original annotation of each dataset is indicated on the x-axis of the corresponding figure.
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prediction (NTP), and 2) fitting the parametric growth function from Equation (2) by seeking similar 
samples from observed patterns in the training set.

Table 1 and 2 present the prediction results for the two train-test splits described in Predicting the growths. 
Overall, NTP-based methods demonstrate stronger performance for this task. Notably, since most models 
trained from scratch did not fully converge within the budget computational time, the accuracy achieved by 
fine-tuning a pretrained GPT-2 model stands out more clearly. This advantage is particularly evident under 
cross-entropy loss, which favors sequence modeling tasks but is less suited for continuous regression.

Figure 6. Illustration of five color consistency correction methods, using sample images collected at 12 pm, 5 pm, and 9 pm. 
Image Style Transfer (Gatys et al. 2016).
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In contrast, the pattern-matching approaches achieved comparable accuracy to the NTP-based methods, 
with sliding-window k-NN (s.k-NN) attaining the lowest DTW score of 2.29, as shown in Table 1. 
Additionally, on the unseen 2022 data, some of the methods demonstrated better robustness than auto
regression models trained from scratch, providing a stable and reliable alternative when pre-trained weights 
are unavailable. Consequently, pattern-matching methods offer a lightweight, training-free option, enabling 
immediate inference without the extensive pre-training required by transformer models.

Furthermore, within the same methodology family, the matching based on growth patterns outper
formed those relying on the similarity of the climate data. This suggests that climate similarity, particularly 

Figure 7. Example growth function (top) and observations (bottom) for a strawberry. A* Values are shown across the 
original images and different color-correction methods. Dashed lines represent sigmoid curves fitted to the A* values. 
Darker lines indicate data from images with brightness above 50. Triangles mark the data points of the below observations.

Table 1. Comparison of selected growth prediction methods, measured on all visible strawberries on 
a random frame from 2021 as in the harvesting optimization task. The table is split into four sections, 
based on method and data source. Performances are described by common time-series analysis 
metrics shownin the header. Note that for two-stage methods, the same metric as in the second 
column was used for both stages. Superscripts link methods to their optimization performance in 
Table 3.

Method Metric L2 ↓ DTW ↓ AC ↑ Time [s]

PERFECT SIGMOID FIT 0.19 1.73 0.13 –

TRAINING A NEXT-TOKEN PREDICTION MODEL
Full training L2 Norm 0.19 2.84 0.09 (max 36 h)
Full training CrossEntropy 0.33 3.68 0.12 (max 36 h)
Finetune GPT-2✪ L2✪ 0.17 2.30 0.10 (max 36 h)
Finetune GPT-2 CrossEntropy 0.18 2.01 0.08 (max 36 h)

CONSIDERING SHAPE SIMILARITY OF GROWTH FUNCTIONS
autocorr. autocorr. 0.75 8.74 0.30 9
s.k-NN L2 Norm 0.22 2.81 0.10 4
s.k-NN DTW 0.23 3.05 0.15 157
s.k-NN✫ LB_Keogh✫ 0.21 2.29 0.13 232
K-means L2 Norm 0.26 2.65 0.08 28
K-means DTW 0.30 3.48 0.06 31114

CONSIDERING SIMILARITY IN HISTORY CLIMATE
2d-autocorr. autocorr. 0.65 7.79 0.36 10
K-NN✬ cos-sim. ✬ 0.25 2.78 0.00 10
K-means L2 Norm 0.26 2.65 0.08 42
K-means DTW 0.28 2.69 0.05 202
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when assessed via rigid metrics like k-NN, is an insufficient criterion for selecting candidate growth 
functions from a narrow time window in the first stage, especially when training and testing data came 
from different years. Meanwhile, autocorrelation (autocorr.) proved ineffective for both growth and climate 
matching. Since most of the growth observations follow a similar sigmoid-like pattern, varying mainly in 
growth velocity, simply capturing the general trend lacks the discriminative power to distinguish individual 
fruits. Consequently, these methods often misidentified candidate growth functions, resulting in the overly 
averaged, poor predictions observed in Table 2.

Even in the testing phase, a trained model would take around 2 minutes to perform the NTP task. Hence, 
among the methods presented, s.k-NN offered a favorable balance between performance and runtime. In 
addition to this, as can be observed from Figure 4, outputs from NTP often retain fluctuations caused by 
illumination noise in the input data. To ensure clearer visualizations and more stable results for downstream 
analysis, we used predictions from s.k-NN with LB_Keogh distance in the main demonstrations of 
Harvesting optimization and in Figure 1. We also evaluated how different levels of prediction accuracy 
influenced optimization performance with more prediction results (with superscripted markers in Table 1).

Harvesting optimization

We applied CROPI to a randomly selected timestamp – the 1000th frame from Camera RGB-2 in the 2021 
split of the GSD dataset (Wen, Verschoor, and Feng 2024) – and visualized the following in Figure 8: 
observed growths until the decision moment, predicted growths using s.k-NN with LB_Keogh distance75, 
changes in harvest reward (which we simply named the “score”) over predicted growth, and suggested 
harvest plans under varying demands. In the third subplot, dashed vertical lines indicate the time points at 
which the suggested plan recommends harvesting, i.e., terminating simulated growth for a non-climacteric 
fruit such as strawberry, assuming a daily demand of three fruits from the plants within the camera’s field of 
view.

The final harvest plan, illustrated in Figure 1, was optimized under a daily demand of three fruits. Harvest 
gains were evaluated using fuzzy-logic scoring, which incorporated penalties for harvesting either rotten or 
unripe fruits, as illustrated in the third subplot of Figure 4. This scoring was based directly on growth 
predictions, represented by the A* values, which were normalized according to the observed minimum and 
maximum after excluding outliers. The optimization employed the expanded objective function from 
Equation (4), incorporating both a postponed harvest option with V1 ¼ 0 and an oversupply option 
defined as V 0jt ¼ 0:5� Vjt . Using this framework, we further examined the impact of varying daily demand 
levels to evaluate the robustness of the harvest plans, as shown in the final subplot of Figure 8.

Since there are in total 32 fruits in view, we consider a daily demand of three, four, or five fruits to 
represent cases in which total weekly demand is lower than, comparable to, or exceeds the capacity of the 
plant in view, i.e. the visible fruits that are subject to the optimization. As shown in Table 3, 
CROPI significantly improved the overall outcomes. When using the most accurate growth predictions✪, 
the optimized plan under a daily demand of three fruits achieved a harvest score of 18.75 with full demand 

Table 2. Comparison of selected growth prediction methods, trained on the full 2021 
dataset and evaluated on all strawberries in a random frame from 2022. A subset of methods 
that performed relatively better in the 2021 experiment (Table 1) is included. Performances 
are described by the same metrics as in Table 1, with each row showing the combination of 
method and data source in the first column.

Method & Data Source Metric L2 ↓ DTW ↓ AC ↓
PERFECT SIGMOID FIT 0.17 1.53 0.18

PREDICTION PERFORMANCES
Train NTP from scratch L2 Norm 0.27 2.86 0.20
Finetune GPT-2 for NTP L2 Norm 0.18 1.68 0.19
Finetune GPT-2 for NTP CrossEntropy 0.19 2.02 0.19
s.k-NN on GjðtÞ L2 Norm 0.20 2.35 0.16
s.k-NN on GjðtÞ LB_Keogh 0.21 2.41 0.17
K-means on GjðtÞ L2 Norm 0.24 2.67 0.15
2d-autocorr. on climate record – 0.37 3.63 0.00
k-NN on climate record cos-sim. 0.37 3.63 0.00

APPLIED ARTIFICIAL INTELLIGENCE e2725177-13



fulfillment, closely approaching the optimum obtained using ground-truth growth data. Less precise 
predictions✫,✬ resulted in lower scores and smaller demand fulfillment, illustrating how errors in inter
mediate growth predictions propagate into suboptimal harvest decisions. In contrast, the current harvest 
plan based on an empirical approach and derived from GSD annotations – yielding two fruits on day 1 and 
eight on day 6 – performed worse overall in both harvest score and demand fulfillment, thereby demon
strating the value of optimization-based planning.

As illustrated in the final subplot of Figure 1 and Table 3, harvests with CROPI could have provided 
a steadier supply with more balanced harvest schedules. In specific, when demand is high, it responds by 
scheduling more fruits for harvest the next day (“1d”), aligning closely with observed real-world behavior; 
while for lower demand, it allows slight postponement to optimize quality and applies moderate over- 
harvesting to prevent loss. Across daily demand levels of 3–5 fruits, CROPI maintained balanced harvest 
distributions, improved cumulative scores, and demonstrated strong potential for stabilizing supply chains 
through predictive, sequential decision-making.

Furthermore, the current setting of such a sparse harvesting schedule is partly due to labor constraints, as 
human workers cannot cover all plants efficiently. This highlights the potential of robotic harvesting, yet 
a simple “harvest once mature” policy remains suboptimal, particularly for maintaining a stable supply. 
While prediction uncertainty persists, CROPI strategically optimized harvest timing, mitigating these 

Figure 8. Four illustrative subplots show color-coded observed growth, predicted growth, scored predictions, and the 
resulting harvest plan, respectively. The example uses fuzzy-logic scoring with penalties, as shown in subplot 3 of Figure 4. 
The final subplot compares harvest plans optimized under different demand levels, using the scored predictions shown in 
the third subplot.

Table 3. Comparison of harvest plans under multiple daily demands using 2021 
scenario predictions. Plans were evaluated by applying fuzzy-logic scoring with 
Equation (4). Demand fulfillment was measured with only the basic daily demands. 
The results with predictions, marked with the special superscripts, were from the 
outputs of corresponding models as in Table 1.

Daily Harvest Optimized Demand

Demand Method Score Fulfillment[%]
d = 2 Actual harvest 5.60 28.57

Harvest once mature 8.22 50.00
Opt. w/ ground-truth simu. 19.36 100.00
Opt. w/ prediction from pred.✪ 17.39 100.00
Opt. w/ prediction from pred.✰ 12.71 100.00

d = 3 Actual harvest 5.60 28.57
Harvest once mature 8.22 47.62
Opt. w/ ground-truth simu. 20.39 100.00
Opt. w/ prediction from pred.✪ 18.75 100.00
Opt. w/ prediction from pred.✰ 13.41 76.19
Opt. w/ prediction from pred.✬ 12.00 57.14

d = 4 Actual harvest 5.60 25.00
Harvest once mature 8.22 46.43
Opt. w/ ground-truth simu. 21.10 75.00
Opt. w/ prediction from pred.✪ 20.01 92.86
Opt. w/ prediction from pred.✰ 14.52 64.29

d = 5 Actual harvest 5.60 22.86
Harvest once mature 8.22 42.86
Opt. w/ ground-truth simu. 21.10 62.86
Opt. w/ prediction from pred.✪ 20.16 77.14
Opt. w/ prediction from pred.✰ 15.20 57.14
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challenges and demonstrating the potential of AI-driven solutions that enhance both adaptability and 
efficiency in precision agriculture.

Ablation studies

Beyond the demonstrations of the four main components of CROPI, we conducted two targeted ablation 
studies. The first study extended the analysis in Predicting the growths by examining the effect of different 
color normalization methods, thereby validating the design choices described in Modeling the growths. 
The second study assessed the impact of incorporating alternative options, i.e. oversupply and postpone 
harvest, as formulated in Equation (4), using both the proposed scoring and observed harvesting outcomes. 
These analyses motivate the current configuration and identify directions for further refinement.

Impact of color representation and normalization
The impact of color normalization and ripeness representation choices is summarized in Table 4. Using raw 
RGB images resulted in higher fitting and prediction errors due to residual illumination variation and 
sensor noise. Intrinsic image decomposition substantially reduces the fitting error (L2 ¼ 1:5) by compres
sing the reflectance signal into a narrow value range, as also shown in Figure 7. While this variance 
suppression improved curve fitting and yielded low pointwise prediction error, the required rescaling 
amplified small temporal deviations, leading to higher DTW distances and reduced sequence-level simi
larity. In contrast, Gray World normalization preserved sufficient chromatic variation without excessive 
compression, producing more stable behavior across evaluation metrics.

The choice of color representation further affects prediction performances from another perspective: 
although both hue and the A* channel encode the green-to-red color transition during growth, hue 
represents this change less distinctly and remains more sensitive to illumination effects. Consequently, hue- 
based signals deviate more from a smooth sigmoid growth trajectory, limiting the ability of prediction 
models to recover representative growth patterns and resulting in higher fitting and prediction errors.

Given the limited dataset size and variability in observation lengths (Wen, Verschoor, and Feng 2024), 
we primarily adopt the k-NN method and autoregressive prediction models, which naturally accommodate 
variable-length sequences. For comparison, we also trained a three-layer Temporal Convolutional Network 
(TCN) as a forecasting baseline. However, it performed poorly, likely because handling short sequences 
requires extensive input masking, which makes the learning more difficult. These results reinforce the 
effectiveness of more flexible or parametric approaches for better modeling variable-length temporal 
sequences for problems of this type.

Impact of scoring and objective functions
Tables 5 and 6 present how harvest scoring and objective-function choices affect optimization outcomes. To 
isolate the optimization logic, all plans are generated from sigmoid curves fitted to ground-truth growth 
observations, thereby removing prediction errors. We compared fuzzy and binary scoring, including 
variants with non-ripe and rot penalties, as showcased in the third subplot of Figure 4. For a fair 
comparison, all plans are evaluated using the same scoring method as in Table 3, which accounts for 
oversupply gains and penalties for harvesting too early or too late. In addition to the “overall score” in the 
tables, these two tables also report demand fulfillment, oversupply rate, and the number of fruits harvested 

Table 4. Impact of color representation and normalization on growth prediction performances. Different color 
encoding and preprocessing strategies are compared to assess their impact on fitting and prediction. Evaluation 
includes the L2 distance for sigmoid curve fitting (when applicable) and prediction metrics consistent with Tables 1 
and 2.

Data Source for Ripeness Evaluation Method L2 (fitting) L2(pred.) DTW(pred.)

A* value (Gray World) s.k-NN✫ 8.5 0.21 2.29
Finetune GPT-2✪ – 0.17 2.30
3-layer TCN – 0.35 6.10

A* value (raw images) s.k-NN 10.8 0.24 3.22
A* value (Intrinsic Image Decomp.) s.k-NN 1.5 0.19 2.66
Hue value (Gray World) s.k-NN 24.8 0.27 3.87
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too early or too late. Experiments in this subsection were conducted under two daily demand levels (d ¼ 2 
and d ¼ 4), because although 32 fruits are observed, the actual harvest record shows that only 10 fruits are 
harvestable during that week.

As shown in Table 5, when the optimization is applied, including a non-ripe penalty is essential for 
controlling early harvest, particularly under high-demand conditions. Without this penalty, the optimizer 
exhibits “greedy” behavior, prioritizing immediate demand fulfillment whenever the reward is positive. This 
control is especially important when the oversupply allowance (D0t) is enabled, as it prevents premature 
harvesting solely driven by positive scores.

Conversely, the rot penalty is essential to prevent excessive postponement, as illustrated in Table 6. Without 
this penalty and with the postpone option enabled, the algorithm tends to delay harvesting so that fruits 
approach their theoretical growth peaks, resulting in a relatively lower demand fulfillment rate. However, since 
natural growth eventually leads to decay, the rot penalty ensures the fruit is picked before quality degrades.

We also compared the effect of using binary scoring, which reflects the essence of the “harvest-once- 
mature” strategy while still operating within an optimization framework. Generally speaking, regardless of 
whether over-supply, postponed harvest, or penalty terms are applied, binary scoring consistently yields 
lower scores. The performance gap arises from the loss of temporal resolution when continuous changes 
during the growing period are reduced to binary scores, which limits the optimizer’s ability to schedule 
harvest timing precisely.

Table 6. Impact of scoring and objective-function choices on harvest-optimization performance under a daily demand of 
two fruits. The same baseline, components, and evaluation metrics as in Table 5 are presented. Note that under this low- 
demand setting, harvest plans are largely unchanged by the dummy demand, since the limited weekly capacity naturally 
defers surplus fruits; such cases are indicated by bracketed checkmarks.

Scoring Function Non-Ripe Panelty Rot Penalty D0t D1 Overall Score Demand Fulfill.[%] Over Supp.[%] Late Harv. Early Harv.

Current “Once Mature” – – – – 5.60 25.00 17.86 4 9
– – – – 8.22 46.43 17.86 0 0

Fuzzy ✓ ✓ ✓ ✓ 19.36 100.00 42.86 0 0
Fuzzy ✓ ✓ ✓ 19.47 100.00 50.00 0 0
Fuzzy ✓ ✓ ✓ 14.00 100.00 – 0 2
Fuzzy ✓ ✓ 14.00 100.00 – 0 2
Fuzzy ✓ ✓ ✓ 18.83 100.00 35.71 0 0
Fuzzy ✓ (✓) 13.94 100.00 – 0 3
Fuzzy ✓ ✓ 19.36 100.00 42.86 0 0
Fuzzy (✓) 13.94 100.00 – 0 3
Binary ✓ ✓ 18.83 100.00 35.71 0 0
Binary ✓ 17.96 100.00 50.00 2 1
Binary (✓) 13.83 100.00 – 0 3

Table 5. Impact of scoring and objective-function choices on harvest-optimization performance under a daily demand of 
four fruits. Different combinations of options to oversupply, postpone harvest, and non-ripe and rot penalties are evaluated. 
The current harvest practice in the dataset and a simple “harvest once mature” policy are included as baselines, with their 
entries shown in italic in the first column. Performances are reported in terms of overall optimized score and demand 
fulfillment, consistent with Table 3. The table additionally reports the relative level of over-supply and the number of fruits 
whose harvests are scheduled too early or too late.

Scoring Function Non-Ripe Penalty Rot Penalty D0t D1 Overall Score Demand Fulfill.[%] Over Supp.[%] Late Harv. Early Harv.

Current “Once Mature” – – – – 5.60 28.57 57.14 4 9
– – – – 8.22 50.00 71.43 0 0

Fuzzy ✓ ✓ ✓ ✓ 21.10 75.00 3.57 0 0
Fuzzy ✓ ✓ ✓ 20.69 78.57 – 0 0
Fuzzy ✓ ✓ ✓ 19.31 89.29 25.00 9 0
Fuzzy ✓ ✓ 19.54 100.00 – 6 0
Fuzzy ✓ ✓ 21.13 75.00 7.14 0 0
Fuzzy ✓ ✓ 20.03 75.00 – 0 0
Fuzzy ✓ ✓ 19.35 82.14 32.14 9 0
Fuzzy ✓ ✓ 21.02 78.57 3.57 1 0
Fuzzy 19.41 100.00 – 6 0
Binary ✓ ✓ 18.71 67.86 – 0 0
Binary ✓ 16.11 92.86 21.43 13 0
Binary 17.15 100.00 – 9 0
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In addition to comparing the schemes optimized with varying scoring functions, we also evaluated the 
optimization algorithms against the same baselines presented in Table 3: current real-world practice and 
a simple and non-optimized “harvest-once-mature” strategy. While the harvest-once-mature rule elimi
nates early and late harvesting relative to current practice, it generates substantial oversupply because it does 
not account for sequential demand across days. In contrast, the optimized approaches better coordinate 
harvest decisions over time, demonstrating the importance of handling plan optimization as an integrated 
temporal sequential problem rather than as independent daily targets.

Conclusion

This paper presents a novel end-to-end AI workflow, CROPI, for optimizing fruit-level harvest decisions. By 
quantifying and forecasting individual strawberry development, CROPI transforms raw in-field data into 
actionable decisions through four key components: objective ripeness (re-)definition, growth modeling, biolo
gical development forecasting, and daily harvest planning. Our experimental results show that integrating a color 
constancy algorithm, parametric growth function modeling, and assignment optimization is particularly effective 
for this type of data, providing high predictive accuracy while remaining computationally efficient. Together, 
these components form a data-driven bridge between biological observation and operational planning, shifting 
greenhouse management from reactive execution to proactive, optimized management in precision agriculture.

As a first step, we propose an objective, vision-based redefinition of fruit development that enables consistent 
growth and ripeness scoring. While image illumination can affect the accuracy of growth record extraction and 
prediction, this is an inherent challenge in real-world conditions. Hence, the most effective approach is to 
minimize such noise efficiently. In the strawberry case study, the A* channel of the CIELAB color space provides 
an intuitive and stable measure of ripening, while the Gray World algorithm normalizes illumination efficiently 
without introducing additional distortions. This combination directly captures the green-to-red transition and 
mitigates residual prediction errors. Beyond its use within CROPI, this ripeness definition can function as 
a standalone tool for more consistent quality assessment using vision systems or mobile devices.

The growth modeling and prediction in CROPI rely on continuous quality assessments of each fruit over its 
lifecycle. To isolate the evaluation of our models and methods, we utilized existing MOT annotations from Wen 
et al. (Wen, Verschoor, and Feng 2024), effectively assuming near-ideal perception conditions, and consequently 
reporting optimistic performances. While real-world tracking and perception noise inevitably introduce errors, 
the monotonic ripening process of strawberries – as they would only become redder – allows many incon
sistencies to be detected and corrected during data preparation. Nevertheless, improving tracking accuracy would 
further benefit growth prediction and related precision agriculture tasks. Future work could explore how 
variations in tracking quality affect the practical deployment of growth models.

Furthermore, in CROPI, predicted fruit development is scored and incorporated as rewards in the 
optimization objective to guide harvest decisions. This formulation, however, is inherently crop-specific, 
as maturity standards and market preferences vary across species. In some cases, additional quality 
attributes such as size, firmness, sugar content, or post-harvest development must also be considered in 
forecasting and scoring (Jol, Wen, and Van Gemert 2023; Papageorgiou et al. 2018). Meanwhile, for 
climacteric fruits in particular, quality measures must account for post-harvest physiological changes. 
Consequently, extending the framework to other crops requires tailored scoring criteria, corresponding 
data analytics, and domain-specific knowledge supported by appropriate sensing and labeling strategies.

In the optimization phase, we employed fuzzy-logic scoring to evaluate rewards and optimize harvest plans. 
By preserving the temporal resolution of fruit development, fuzzy scoring allows the optimizer to schedule 
harvests with a precision that binary “harvest-once-mature” rules cannot capture. We incorporated explicit 
penalties to regulate harvesting timing, controlling the over-use of early harvesting driven by short-term rewards 
and excessive postponement that conflicts with natural quality decay. While current parameters were self-defined 
to establish a demonstration, transitioning this framework into a production-ready tool necessitates a human-in- 
the-loop calibration. This allows growers and facility managers to align the thresholds and weights to reflect 
cultivar traits, operational constraints, and market priorities. Moreover, incorporating stochastic or robust 
optimization into the scoring or optimization stage represents a potential direction for future work, particularly 
for accommodating risk-averse decision-making in harvest planning.
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Our demonstration included benchmarks on three public datasets, including two for ripeness grading 
(Elhariri, El-Bendary, and Mahmoud Saleh 2023; Wen et al. 2023) (see Processing the images) and one for 
growth monitoring (Wen, Verschoor, and Feng 2024) (see Modeling the growths). Due to limited open-source 
data, we relied on nearby climate data (Hersbach et al. 2023) to approximate on-site microclimate conditions, 
and we used a virtual price (in the reward function) and demand profiles in the planning stage. These proxies are 
sufficient to illustrate the workflow functionality, particularly since price and demand are generally stable under 
pre-defined contracts. However, full-scale deployment would require site-specific data and realistic market 
information to fine-tune model parameters and objective functions. Our validation thus demonstrates proof- 
of-concept functionality rather than operational readiness. While the workflow is designed to be broadly 
applicable, accurate and reliable deployment will require extensive site-specific testing and calibration under 
varying environmental conditions. Furthermore, the lack of comprehensive open-source datasets is a shared 
concern for benchmarking how AI can be applied in agriculture (Maya Gopal and Bhargavi 2019; Wen, 
Verschoor, and Feng 2024). We hope the introduction of this novel approach also motivates the curation of 
more comprehensive datasets to support advanced learning and optimization paradigms, such as deep reinforce
ment learning and predict-then-optimize strategies.

In summary, CROPI demonstrates the concept of transforming diverse temporal information into 
a unified form suitable for optimization, by mining and harmonizing meaningful patterns from the diverse 
data sources. With the rapid assignment optimization enabled by the Hungarian method, CROPI supports 
real-time planning and advances intelligent greenhouse management and more efficient harvesting opera
tions. This capability could be further enhanced with adaptive control or reinforcement learning, where 
transformer-based growth models are better suited due to their flexible architecture and ability to capture 
complex temporal dependencies, enabling more accurate short- and medium-term predictions. At the same 
time, traditional parametric models, such as k-NN, provide competitive performance with simpler machine 
learning methods, preserving optimization quality while significantly reducing computational cost, making 
them ideal for routine, real-time deployment.

Ultimately, the core strength of this framework lies in its pragmatic approach to precision agriculture. 
Because the entire CROPI workflow relies exclusively on nondestructive, in-field data, it avoids the bottle
neck of destructive sampling. This makes the system foundational and pragmatic for precision agriculture 
and autonomous farming, offering a scalable approach toward data-driven, optimized harvest management.
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