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The object of the study is the hyper-
parameter configuration space of the 
U-Net ar-chitecture for agricultural 
land segmentation from Sentinel-2 
satellite imagery. 

The problem being solved is 
the excessive cost of multi-objec-
tive hyperparameter optimization, 
because non-dominated sorting in the 
non-dominated sorting genetic algo-
rithm II (NSGA-II), with complexi-
ty O(MN2), becomes a bottleneck for 
deep segmenta-tion models. To address 
this problem, an interactive evolution-
ary non-dominated sorting genetic 
algorithm II (IENSGA-II) framework 
is evaluated, in which a logistic regres-
sion classifier is trained on hyperpa-
rameter vectors and Pareto ranks from 
initial NSGA-II generations, then used 
to predict ranks in subsequent gener-
ations instead of full sorting. Unlike 
existing surrogate-assisted approach-
es, this work predicts Pareto ranks 
without additional model evaluations. 
On the panoptic agricultural satellite 
time series (PAS-TIS) benchmark, the 
framework reduced execution time by 
20.07%, 16.39%, and 38.80% for 5, 10, 
and 15 generations, and in the 10-gen-
eration setting improved validation 
cri-teria, reaching an area under 
the receiver operating characteristic 
curve (AUC) of 0.9072 versus 0.9004 
and validation loss of 0.6057 versus 
0.6212. These results were achieved 
because the method accelerates selec-
tion rather than replacing model eval-
ua-tion, while AUC-based tie-breaking 
preserves preference for more accu-
rate solutions among candidates with 
same predicted rank. Effectiveness 
stems from a regular rela-tionship 
between hyperparameters and Pareto 
ranks in early evolutionary data. 
In prac-tice, the method is used in 
resource-constrained multi-objective 
learning when initial generations pro-
vide representative data for rank pre-
diction
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1. Introduction

Remote sensing from away is important, for precision 
agriculture. This is because it helps people manage the land, 
give out resources and keep an eye on the crops. Accurate 
segmentation of agricultural land at the parcel level is essen-
tial for multiple stakeholder groups, including farmers opti-
mizing input allocation, policy makers distributing subsidies 
and monitoring compliance with agricultural regulations, 

and environmental agencies tracking land use changes and 
conservation efforts. The ability to automatically delineate 
agricultural parcels and classify crop types from satellite 
data has become critical for implementing data-driven ag-
ricultural management systems at regional and national 
scales. One big part of this is segmenting land. This means 
using pictures from satellites or planes to figure out where 
the fields are and what kind of crops are growing in them. 
Precision agriculture needs this to work well. Agricultural 
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maintaining solution quality. The potential of machine learn-
ing-assisted rank prediction for reducing the computational 
burden of evolutionary selection in deep learning hyperpa-
rameter optimization remains largely unexplored, particu-
larly in the context of large-scale agricultural segmentation 
tasks where both computational efficiency and solution qual-
ity are critical requirements. Therefore, studies devoted to the 
evaluation of machine learning-assisted frameworks for re-
ducing the selection overhead of multi-objective evolutionary 
hyperparameter optimization in U-Net-based agricultural 
land segmentation are of scientific relevance.

2. Literature review and problem statement

The paper [1] shows that deep learning makes it much 
easier to analyze remote sensing data for agricultural mon-
itoring. It demonstrates that hierarchical feature learning 
in convolutional architecture facilitates the acquisition of 
spatial structures that exceed traditional spectral methods. 
But there are still problems with choosing architectural and 
training hyperparameters in an efficient way when there are 
many criteria that don’t always agree. Training deep models 
on large satellite datasets is very expensive, which makes this 
problem even harder. This creates a critical practical bottle-
neck: practitioners cannot use exhaustive search methods to 
find optimal hyperparameters because the computational 
cost becomes prohibitive at regional and continental scales of 
agricultural monitoring.

The paper [2] presents results on the U-Net encoder-de-
coder architecture for semantic image segmentation and 
shows that residual connections enable precise localization 
combined with context understanding. It demonstrates that 
U-Net can generalize across various segmentation domains, 
including remote sensing. However, challenges remain in 
the systematic optimization of U-Net hyperparameters for 
agricultural imagery, as optimal configurations are highly 
task-specific and require extensive empirical investigation. 
This task-specificity is especially problematic for agricultural 
remote sensing because optimal hyperparameter configura-
tions for one region, crop type, or sensor may perform poorly 
when transferred to different agricultural contexts.

This paper [3] shows the results of a study on how to 
optimize hyperparameters in machine learning using more 
than one criterion. It demonstrates that grid search and ran-
dom search are statistically ineffective and lack scalability 
in high-dimensional spaces. It shows that optimizing hyper-
parameters with more than one criterion needs strategies to 
find Pareto-optimal trade-offs between metrics that are at 
odds with each other. But one big problem is that testing deep 
learning models is still very expensive because each candi-
date usually needs to be fully trained, and there is no single, 
scalable solution right now. In agricultural remote sensing, 
this challenge is magnified because candidate models must 
be trained on large-scale satellite datasets with thousands 
of image patches, making even single evaluations computa-
tionally expensive compared to standard machine learning 
benchmarks.

The paper [4] presents results on the NSGA-II algorithm 
for evolutionary multi-objective optimization and shows that 
undominated sorting and crowding distance generate diverse 
and well-distributed Pareto fronts. It is shown that NSGA-II 
provides a solid foundation for multi-objective hyperparam-
eter optimization. But undominated sorting is O(MN2) com-

land segmentation is a deal. It helps with managing the 
land and the crops. Maps at the parcel level facilitate envi-
ronmental compliance, subsidy distribution, and yield esti-
mation. In large agricultural regions, manual delineation of 
field boundaries and crop identification is time-consuming, 
inconsistent, and economically impractical, making auto-
mated segmentation methods essential for scaling precision 
agriculture to continental levels. Because its encoder-decoder 
structure with skip connections captures both global context 
and fine spatial detail, deep learning, particularly U-Net, is 
widely used. The symmetrical architecture of U-Net enables 
the model to preserve spatial information while performing 
hierarchical feature extraction, making it especially effective 
for tasks requiring precise localization alongside contextual 
understanding. The generalizability of U-Net across diverse 
segmentation domains, from medical imaging to remote 
sensing, demonstrates its architectural robustness. However, 
achieving optimal performance for agricultural land segmen-
tation from satellite imagery requires careful configuration 
of the network’s structure and training parameters.

Hyperparameter optimization (HPO) automates deci-
sions (learning rate, bottleneck design, encoder width) that 
gradient descent is unable to learn. These settings have a sig-
nificant impact on U-Net’s generalization and convergence. 
In multi-objective HPO, where objectives may clash (increase 
segmentation quality while decreasing validation loss), the 
task becomes more difficult. A thorough search is not feasi-
ble, and manual tuning is laborious and difficult to duplicate. 
The computational cost of HPO is particularly acute in agri-
cultural remote sensing, where each candidate model must 
be trained on large-scale satellite datasets containing thou-
sands of image patches, making brute-force search methods 
economically infeasible.

Evolutionary algorithms are a good fit for multi-objec-
tive HPO over complex, non-differentiable search spaces.  
NSGA-II is popular because it explores the Pareto front while 
maintaining diversity. However, it is costly because each 
candidate typically needs to be trained and validated, and 
non-dominated sorting becomes a bottleneck as population 
size and the number of objectives increase. As a result, the 
computational efficiency of NSGA-II diminishes significantly 
in resource-constrained settings, a critical limitation for deep 
learning applications.

Surrogate-assisted approaches reduce evaluation costs by 
predicting fitness, but they still have selection overhead and 
require careful monitoring of surrogate accuracy. Further-
more, surrogate approaches require additional computational 
resources for surrogate model training and maintenance, 
adding complexity to the overall optimization pipeline. An al-
ternative is to speed up rank assignment itself: fast inference 
can take the place of full non-dominated sorting if a model 
can predict a candidate’s Pareto rank directly from its hy-
perparameters. This approach has not been investigated for 
U-Net-based agricultural segmentation and has gotten little 
attention. The potential of machine learning-assisted rank 
prediction for deep learning hyperparameter optimization re-
mains largely unexplored, particularly in the context of large-
scale agricultural segmentation tasks where computational 
efficiency and solution quality are both critical.

In agricultural remote sensing utilizing Sentinel-2 im-
agery, the recurrent training of deep segmentation models 
renders multi-objective hyperparameter optimization partic-
ularly resource-intensive, thereby necessitating the creation 
of methodologies that can diminish selection overhead while 
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plicated, and when every member of the population needs to 
learn everything, the total cost over generations becomes a 
big problem. For deep segmentation models, this quadratic 
complexity of non-dominated sorting combines with the 
already-high cost of training each candidate configuration, 
creating a severe computational bottleneck that limits evo-
lutionary optimization to small population sizes and few 
generations.

The paper [5] provides findings on genetic algorithms 
as a gradient-free search methodology for intricate and 
non-differentiable domains, demonstrating that selection 
and mutation may identify high-quality solutions without 
derivative information. It also demonstrates that evolu-
tionary methods are resilient in noisy, multimodal fitness 
environments. The primary unsolved issue in deep learning 
regarding hyperparameter optimization (HPO) is the evalua-
tion cost, since each fitness assessment necessitates training 
a neural network. However, a secondary but equally critical 
problem that remains largely overlooked is the computation-
al cost of selection mechanisms themselves specifically, the 
non-dominated sorting step in multi-objective evolutionary 
algorithms becomes a significant overhead when evaluations 
are expensive.

In [6], the paper discusses findings on model-assisted 
evolutionary algorithms using Gaussian random field meta-
models. It illustrates that these cost-effective approaches 
diminish the assessments of the fitness function while main-
taining the quality of the Pareto front. It is also shown that 
approximation models can effectively guide evolutionary 
search in the presence of limited data. Conversely, mod-
el-assisted evolutionary algorithms concentrate on the ap-
proximation of the fitness function and neglect the overhead 
associated with selection. This is because the algorithmic 
cost of sorting non-dominated elements is distinct from the 
evaluation cost. This distinction is crucial: reducing the num-
ber of model evaluations through surrogate approximation 
does not address the O(MN2) complexity of non-dominated 
sorting, which must still occur in every generation regardless 
of whether fitness is evaluated or approximated.

The article [7] presents results on hyperparameter opti-
mization methods based on the bandit algorithm, specifically 
Hyperband. It demonstrates that adaptive budget allocation 
and early stopping reduce computational waste while main-
taining competitive model quality. It also shows that elim-
inating unpromising candidates improves efficiency com-
pared to random or grid search. But these methods are mostly 
single-objective and don’t natively support multi-criteria 
hyperparameter optimization, which means that accuracy 
and loss must be optimized at the same time. In agricultural 
segmentation, single-objective approaches are fundamentally 
insufficient because precision, recall, and per-class accuracy 
often conflict with overall validation loss, and stakeholders 
require explicit Pareto fronts showing all non-dominated 
trade-off solutions.

The paper [8] shows how Pareto archiving strategies 
can be used with multi-objective evolutionary algorithms. It 
shows that approximating dominance relations can improve 
evolutionary selection. It is demonstrated that machine learn-
ing models can acquire valuable approximations of the Pareto 
front structure from constrained datasets. Nonetheless, this 
methodology has yet to be utilized for deep segmentation 
hyperparameter optimization in agricultural remote sensing, 
and the direct prediction of Pareto ranks from hyperparame-
ter vectors is still unexamined in this domain. Furthermore, 

the computational cost profiles of deep segmentation models 
differ substantially from those of the smaller models studied 
in previous rank prediction work, raising questions about 
whether rank prediction strategies generalize to high-cost, 
encoder-decoder architectures.

The article [9] shows the results of an IENSGA-II frame-
work that combines a decision tree classifier with NSGA-II to 
optimize multiple hyperparameters of convolutional neural 
networks (CNNs) on the MNIST dataset. It is demonstrated 
that machine learning-assisted rank prediction diminishes 
selection overhead while providing comparable accuracy and 
reducing trade-offs relative to standard NSGA-II. However, 
there are still problems with scalability to encoder-decoder 
segmentation architectures like U-Net and with applying it to 
complex multi-class agricultural datasets, where each evalu-
ation requires training a high-capacity model on large-scale 
satellite images. Critically, the per-evaluation cost in MNIST-
based HPO is orders of magnitude lower than in agricultural 
segmentation on PASTIS, making it unclear whether the 
computational benefit of rank prediction justifies the one-
time cost of classifier training in resource-intensive settings.

Across [1–9], four recurring limitations emerge: 
a) ML-assisted Pareto rank prediction has not been val-

idated for HPO of deep segmentation models on large-scale 
agricultural remote sensing benchmarks; 

b) surrogate methods approximate fitness but do not tar-
get NSGA-II rank assignment; 

c) the IENSGA-II concept in [9] has not been extended to 
U-Net or multi-class satellite segmentation;

d) the computational benefit of selection acceleration 
under high per-evaluation cost such as U-Net training on 
PASTIS, remains unquantified. A way to overcome these 
difficulties is to apply and rigorously evaluate IENSGA-II 
for U-Net hyperparameter optimization on the PASTIS agri-
cultural segmentation benchmark [10], extending prior CNN 
results to a substantially more demanding architectural and 
dataset setting.

These four limitations represent a cohesive research 
gap, existing approaches either reduce evaluation cost with-
out addressing selection overhead, support single-objective 
optimization, or have been validated only on small-scale 
problems fundamentally different from agricultural deep 
segmentation.

The systematic analysis of recent developments indicates 
that an integrated framework for ML-assisted multi-objective 
hyperparameter optimization of deep segmentation models, 
addressing both computational efficiency and solution qual-
ity in agricultural remote sensing, remains an open prob-
lem. Therefore, study devoted to evaluating an IENSGA-II 
framework for U-Net HPO on agricultural satellite imagery 
is justified.

3. The aim and objectives of the study

The aim of the study is to evaluate a machine learning-as-
sisted Interactive Evolutionary NSGA-II (IENSGA-II) frame-
work for the multi-objective hyperparameter optimization of 
U-Net models in agricultural land segmentation, in which 
a Logistic Regression classifier predicts Pareto front ranks 
in later NSGA-II generations, replacing the computationally 
intensive non-dominated sorting procedure. This will make 
it possible to reduce the computational overhead of rank 
assignment, improve the scalability of multi-objective hyper-
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parameter optimization, and maintain competitive segmen-
tation quality in U-Net-based agricultural land segmentation.

To achieve this aim, the following objectives are accom-
plished:

– to examine the architecture and two-phase operational 
structure of the IENSGA-II framework and evaluate its con-
ceptual applicability for multi-objective hyperparameter op-
timization of U-Net models in agricultural land segmentation 
on the PASTIS benchmark;

– to assess the segmentation quality of the IENSGA-II 
framework by evaluating validation AUC and validation loss 
achieved across 5, 10, and 15 generation settings on the PAS-
TIS agricultural segmentation benchmark;

– to compare IENSGA-II with T-NSGA-II in terms of 
computational efficiency by measuring wall-clock execution 
time and per-generation update statistics across all tested 
generation budgets;

– to analyze the computational and qualitative trade-offs 
of the hybrid approach, identify its limitations, and formulate 
recommendations for its application in broader hyperparam-
eter optimization contexts based on deep learning.

4. Materials and methods

4. 1. The object and hypothesis of the study
The object of the study is the hyperparameter configu-

ration space (𝓗) of the U-Net architecture for agricultural 
land segmentation from Sentinel-2 satellite imagery on the 
PASTIS benchmark. This space has architectural parameters 
like the number of encoder filters and the design of the bot-
tleneck, as well as a training parameter like the learning rate. 
The study focuses on reducing validation loss and enhancing 
validation AUC via multi-objective evolutionary search in-
formed by machine learning-derived Pareto ranks. 

The main hypothesis is that the IENSGA-II frame-
work [9], in which a Logistic Regression classifier [11] trained 
on (hyperparameter, rank) pairs from the initial NSGA-II 
phase predicts Pareto ranks to guide subsequent evolution-
ary selection, is applicable to U-Net hyperparameter opti-
mization on the PASTIS agricultural segmentation bench-
mark, achieving speed improvements relative to traditional  
NSGA-II while maintaining or improving solution quality. 
The two-objective formulation was chosen because these 
complementary metrics capture both discriminative ability 
and training convergence, essential for agricultural applica-
tions where false alarms and missed detections both carry 
practical costs. The study relies on several assumptions: the 
initial crowding generations (G = 3) yield sufficient labeled 
training data for the classifier the correlation between hyper-
parameters and ranks is sufficiently consistent to be modeled 
linearly and the computation time metrics accurately repre-
sent the algorithmic overhead per generation.

4. 2. Dataset and preprocessing
Experiments are conducted on the PASTIS (Panoptic 

Agricultural Satellite Time Series) dataset [10], a reference 
dataset comprising Sentinel-2 satellite images of French agri-
cultural regions, annotated on the ground for plot boundaries 
and crop types. The diverse crop types and regions of PASTIS 
ensure that optimized hyperparameters generalize beyond 
single-region scenarios, reflecting real-world deployment 
requirements. The preprocessing pipeline accomplished as 
follows. The composite approach made it possible to obtain 

data with a resolution of 10 m for the ten main spectral bands: 
blue (B2, 490 nm), green (B3, 560 nm), red (B4, 665 nm), 
red-edge (B5, 704 nm; B6, 740 nm; B7, 783 nm), near-infra-
red (B8, 842 nm; B8A, 865 nm) and short-wave infrared (B11, 
1610 nm; B12, 2190 nm). These bands were chosen because of 
their native resolution of 10 m or 20 m.

Spectral feature extraction. The normalized difference 
vegetation index (NDVI) is computed for e ach patch as

8 4NDVI ,
8 4

B B
B B

−=
+

			   (1)

where NIR and Red stand for reflectance in the near-infra-
red and red spectral bands, respectively. The NDVI layer is 
the most important thing to look at when trying to tell the 
difference between agricultural areas with plants and those 
without [12].

Spatial standardization and normalization. For consis-
tent network input sizes, all image patches and NDVI layers 
are resized to 128 × 128 pixels. To make gradient-based 
training more stable, pixel values are normalized to [0, 1]. 
Generic [0, 1] normalization preserves regional spectral char-
acteristics, preventing overfitting to environmental statistics 
across seasons and sensors.

Mask generation. Using Otsu’s adaptive thresholding 
on each NDVI image, the binary segmentation masks are 
created. This process generates ground-truth labels that 
distinguish between agricultural areas (class 1) and the 
background (class 0). Otsu’s method directly generates binary 
masks without post-processing, avoiding additional hyperpa-
rameters that would complicate the search space.

Data partitioning. The preprocessed data are divided into 
training subsets (80%) and validation subsets (20%) and struc-
tured into TensorFlow dataset objects [13] with shuffling, 
batching (batch size 32) and preloading for computational 
efficiency.

4. 3. U-Net architecture and hyperparameter search 
space 

The segmentation model follows the standard U-Net to-
pology [2, 14] with a contracting encoder path of convolution-
al and max-pooling layers, a convolutional bottleneck, and 
an expansive decoder path of transposed convolutions with 
skip connections. U-Net’s symmetrical architecture provides 
interpretable hyperparameter effects where encoder depth 
directly impacts model behavior, unlike architectures with 
interdependent parameters. The tunable hyperparameters 
constituting search space 𝓗 are specified in Table 1. 

Table 1

U-Net hyperparameter search space

Hyperparameter Range Step / sampling
f1 (encoder block 1 filters) [16, 64] Step 16
f2 (encoder block 2 filters) [32, 128] Step 32
f3 (encoder block 3 filters) [64, 256] Step 64
f4 (encoder block 4 filters) [128, 512] Step 128

fbottleneck (bottleneck) [256, 1024] Step 256
use_dense_bottleneck {0, 1} Binary
dense_units (if active) [64, 256] Step 64

η (learning rate) [10−5, 10−3] Log-uniform

Selected ranges exclude pathological configurations con-
firmed as non-competitive in preliminary experiments, en-
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suring the search space contains primarily viable candidates. 
Each candidate configuration is compiled with the Lion opti-
mizer [15], binary cross entropy loss, and area under the ROC 
Curve (AUC) as the primary validation metric. Models are 
trained for three epochs per trial (EPOCHS_PER_TRIAL = 3). 
The adaptive learning rate of Lion optimizer reduces HPO 
sensitivity to learning rate selection, critical in low-fidelity 
settings where convergence speed is limiting.

4. 4. Experimental configuration
Both the Traditional NSGA-II (T-NSGA-II) and the pro-

posed IENSGA-II are implemented as custom Keras Tun-
er oracles [16] and evaluated under identical conditions. 
Population size N = 3 is conservative, larger populations 
(N ≥ 20) should show dramatically higher speedup where 
O(MN2) dominates total runtime. The experimental param-
eters are: population size N = 3; crowding_generations = 3; 
total generations ∈ {5, 10, 15}; epochs per trial = 3. Run 
lengths {5, 10, 15} test three regimes: data-limited (2 ML 
gen), standard (7 ML gen), extended (12 ML gen assessing 
degradation with unexplored regions). Wall-clock execu-
tion time and per-generation update time are recorded for 
both algorithms across all three run-length settings. Each 
experimental configuration is executed across five indepen-
dent runs initialized with different random seeds, and all 
reported performance metrics represent averages over these 
runs to reduce the influence of stochastic initialization on 
the comparison. Wall-clock measurements on identical GPU 
hardware ensure hardware-neutral reproducibility across 
different computational environments. All experiments were 
executed on Google Colaboratory using an NVIDIA Tesla 
T4 GPU (16 GB GDDR6 VRAM, 320 GB/s memory band-
width), paired with 2 Intel Xeon vCPUs and approximately 
12.7 GB of system RAM. GPU memory growth was enabled in 
TensorFlow to prevent allocation conflicts between successive 
candidate trials. Custom Keras Tuner oracles ensure identical 
random seeds, shuffling sequences, and memory management, 
eliminating implementation confounds between algorithms. 
All experiments were conducted within the Google Colabo-
ratory runtime environment under Ubuntu 20.04 LTS, using 
Python 3.10, TensorFlow 2.12, Scikit-learn 1.3 [11], and CUDA 
12.2 with cuDNN 8.9, ensuring consistent numerical operations 
across both algorithms throughout all run-length settings. 

5. Results of hyper parameters optimization 
experiments

5. 1. IENSGA-II framework architecture and opera-
tional structure

The IENSGA-II algorithm operates in two sequen-
tial phases governed by the parameter crowding_genera-
tions = 3.

Phase 1. Traditional NSGA-II with data collection (Gener-
ations 1 to 3). The algorithm executes standard NSGA-II with 
efficient vectorized non-dominated sorting [17], crowding 
distance calculation [15], and elitist selection. The non-dom-
inated sorting complexity is O(MN2), where M = 2 is the 
number of objectives (validation loss, validation AUC) and N 
is the population size. The crowding distance (di) for solution 
i within a front is

( ) ( )1 1

max min1
,

i i
M m m

i m
m m

f f
d

f f

+ −

=

−
=

−∑  			   (2)

where solutions are sorted by objective m and boundary 
solutions receive infinite distance. In parallel, a dataset 
D = {(hi, ri)} is accumulated, recording the hyperparameter 
vector hi and its true Pareto rank ri for each evaluated con-
figuration.

Phase 2. ML-guided selection (Generations > 3). A logistic 
regression classifier [11] is trained on D upon completion of 
Phase 1. In all subsequent generations, the trained model r̂  
predicts the Pareto rank for each individual in the combined 
population Rt = Pt ∪ Qt [18]. Selection proceeds by sorting on 
predicted rank (ascending), with ties broken by actual vali-
dation AUC (descending). This substitution reduces per-gen-
eration selection cost to approximately O(N·dh), where dh is 
the hyperparameter dimensionality, plus a one-time classi-
fier training cost. The classification accuracy of the logistic 
regression rank predictor, measured as the proportion of 
correctly predicted Pareto ranks on held-out generation 
data, is reported alongside end-to-end optimization results 
to evaluate the reliability of the ML guidance component in-
dependently of overall framework performance. The general 
operational workflow of the NSGA-II is illustrated in Fig. 1.

The phase separation enables clear causal diagnosis: 
if phase 2 performance degrades, the cause is definitively 
rank prediction error, not confounded dynamics. Setting 
crowding_generations = 3 ensures ≥ 50% of generations 
use ML guidance, balancing data collection against speedup 
realization. AUC-based tie-breaking biases selection toward 
high-accuracy solutions within predicted ranks, potentially 
explaining IENSGA-II’s occasional performance gains de-
spite rank approximation:

Algorithm 1. ML-Assisted IENSGA-II
1: Initialize Pt with N random hyperparameter configu-

rations
2: Evaluate each h ∈ Pt: obtain f1(h), f2(h)
3:   ← ∅; ML_trained ← False 

4: for G = 1 to max_generations do
5:	 Generate offspring Qt from Pt via tournament selec-

tion, crossover, mutation
6:	 Evaluate each h ∈ Qt; set Rt ← Pt ∪ Qt
7:	 if G ≤ crowding_generations then		  	

// Traditional NSGA-II 
8:		  Non-dominated sorting on Rt; assign 

ranks {ri}
9:		  Compute crowding distances {di} per 

Equation (2)
10:		  Select top N individuals to form Pt+1
11:		    ←   ∪{(hi,ri)}i∈Rt
12:	 else	 				  

		  // ML-guided selection
13:		  if ML_trained = False then
14:			   ˆ r ← LogisticRegression( ); 

ML_trained ← True
15:		  end if
16:		  r̂ i ← r̂ (hi) for each hi ∈ Rt
17:		  Sort Rt by r̂ i↑, then f2(hi)↓; se-

lect top N as Pt+1
18:	 end if
19:	 Pt ← Pt+1; log best f1, f2, Pareto front
20: end for

The general NSGA-II operational workflow is repre-
sented in Fig. 1. Algorithm 1 presents the pseudocode for 
IENSGA-II.
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5. 2. Validation AUC and loss performance across 
generation settings

Table 2 presents the best validation AUC (maximized) 
and validation loss (minimized) achieved by each algorithm 
across the three run-length settings. For each metric, the 
mean and standard deviation across the five independent 
runs are reported alongside the best-case values, providing 
variability estimates that reflect the sensitivity of each algo-
rithm to random initialization.

Table 2 reports best-case values from a single experimen-
tal run. To generalize these results, mean and standard devi-
ation of validation AUC and loss across five independent runs 

are reported alongside the best values, enabling assessment 
of each algorithm’s robustness to stochastic initialization.

Table 2

Best validation performance: AUC (maximized) and loss 
(minimized)

Gens Val AUC (T) Val Loss (T) Val AUC (IE) Val Loss (IE)
5 0.9012 0.6423 0.8958 0.6398

10 0.9004 0.6212 0.9072 0.6057
15 0.9359 0.6005 0.9291 0.5535

Note: T – traditional NSGA-II; IE – ML-assisted IENSGA-II.
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Fig. 1. General operational flowchart of non-dominated sorting genetic II algorithm [19]
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At 5 generations, the results are broadly comparable:  
T-NSGA-II achieves slightly higher AUC (0.9012 vs. 0.8958) 
while IENSGA-II achieves marginally lower loss (0.6398 vs. 
0.6423). At 10 generations, IENSGA-II outperforms T-NS-
GA-II on both objectives simultaneously, achieving higher 
AUC (0.9072 vs. 0.9004) and lower loss (0.6057 vs. 0.6212). 
At 15 generations, T-NSGA-II achieves a higher peak AUC 
(0.9359 vs. 0.9291) while IENSGA-II achieves a substantial-
ly lower loss (0.5535 vs. 0.6005), a difference of 0.047. The 

AUC progression and loss reduction trajectories for all three 
settings are displayed in Fig. 2–4 for the 5, 10, and 15-gen-
eration experiments, respectively. The vertical red dotted 
line in each figure marks the onset of ML-guided selection 
at generation 4. Shaded bands in Fig. 2–4 indicate 95% con-
fidence intervals computed across five independent runs, 
allowing visual distinction between systematic per-genera-
tion improvement trends and run-to-run variability for both 
algorithms.

1 2 3 4 5
Generation

0.80

0.82

0.84

0.86

0.88

0.90

Ac
cu

ra
cy

Accuracy Progression

NSGA-II Best Acc 
NSGA-II Avg Acc 
IE-NSGA-II Best Acc 
IE-NSGA-II Avg Acc 
IE ML Start (Gen 4)

1 2 3 4 5
Generation

0.640

0.645

0.650

0.655

0.660

0.665

0.670

0.675

Lo
ss

Loss Progression

NSGA-II Best Loss
NSGA-II Avg Loss 
IE-NSGA-II Best Loss 
IE-NSGA-II Avg Loss 
IE ML Start (Gen 4)

a

b 

Fig. 2. Optimization progression over 5 generations: a – area under the receiver operating; b – validation loss characteristic curve
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Fig. 3. Optimization progression over 10 generation: a – area under the receiver operating; b – validation loss characteristic curve



Eastern-European Journal of Enterprise Technologies ISSN-L 1729-3774; E-ISSN 1729-4061	 2/2 ( 140 ) 2026

60

In all three experiments, both algorithms show progres-
sive improvement across generations. Following transition 
to ML-guided selection at generation 4, IENSGA-II’s loss 
trajectory diverges notably downward in the 10 and 15-gener-
ation experiments, consistent with the quantitative findings 
in Table 2.

5. 3. Wall-clock execution time and per-generation 
computational efficiency

Computational efficiency constitutes a central criterion 
in multi-objective optimization, as the practical utility of an 
optimization framework depends not only on the quality of the 
obtained solutions but also on the computational cost required 
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Fig. 4. Optimization progression over 15 generation: a – area under the receiver operating; b – validation loss characteristic curve
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to identify them. Consequently, approaches that maintain 
or improve segmentation performance while reducing exe-
cution time offer a more scalable. Table 3 reports total wall-
clock execution times and percentage speedups for each 
run-length setting. Mean total execution times and their 
standard deviations across five independent runs are in-
cluded in Table 3 alongside the reported values, confirming 
that the speedup figures are reproducible and not artifacts 
of a single experimental trial.

Table 3

Total execution time comparison

Gens T-NSGA-II (s) IENSGA-II (s) Speedup (%)
5 798.42 638.20 20.07

10 463.26 387.31 16.39
15 655.46 401.10 38.80

IENSGA-II is faster than T-NSGA-II across all tested 
configurations. Speedup increases monotonically with run 
length, reaching 38.80% at 15 generations. Tables 4, 5 de-
compose these totals into per-generation update statistics.

Table 4

Mean time per generation update (seconds)

Gens T-NSGA-II IENSGA-II
5 102.88 105.85

10 40.66 36.69
15 39.86 25.35

In the 5-generation setting, IENSGA-II exhibits a mar-
ginally higher mean update time (105.85s vs. 102.88s), re-
flecting the one-time ML training overhead incurred at gen-
eration 3 with only two ML-guided generations remaining. 
In the 10- and 15-generation settings, IENSGA-II’s mean 
update time is lower (36.69s vs. 40.66s; 25.35s vs. 39.86s), 
confirming that the benefit of faster ML-guided selection 
accumulates progressively.

Table 5

Standard deviation of time per generation update (seconds)

Gens T-NSGA-II IENSGA-II
5 16.09 14.51

10 8.07 9.73
15 13.58 4.58

The standard deviation drops from 13.58s to 4.58s for 
IENSGA-II in the 15-generation experiment, indicating 
more consistent and predictable per-generation runtimes. 
This decrease in variability implies that the suggested ap-
proach enhances the stability of the optimization process 
under longer run configurations in addition to reducing 
the average computational cost. Because it lowers the un-
certainty related to iteration-level execution time, such be-
havior is beneficial from a practical standpoint for resource 
planning and repeatable experimentation.

5. 4. Pareto front structure and solution distri-
bution analysis

The final Pareto fronts obtained by each algorithm at 
the end of the 5, 10, and 15-generation experiments are vi-
sualized in Fig. 5, a–c, respectively, plotting validation loss 
against validation AUC for all non-dominated solutions.
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Fig. 5. Final Pareto front comparison: 	
a – 5 generations; b – 10 generations; c – 15 generations
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A consistent pattern across all three plots is that IENS-
GA-II’s final front converges to a single high-quality solution 
(marked ‘X’), whereas T-NSGA-II produces multiple scattered 
solutions. At 10 generations (Fig. 5, b), IENSGA-II’s solution 
dominates T-NSGA-II’s best solution on both objectives. At 
15 generations (Fig. 5, c), IENSGA-II’s solution is positioned 
at substantially lower loss while TNSGA-II achieves slightly 
higher AUC, reflecting the AUC-based tie-breaking mecha-
nism that drives IENSGA-II’s selection toward loss-minimiz-
ing configurations.

6. Discussion of optimization performance and 
computational efficiency

The reduction in total execution time observed in Table 3 
from 20.07% at 5 generations to 38.80% at 15 generations can 
be attributed to the replacement of O(MN2) non-dominated 
sorting with O(N·dh) logistic regression inference in all gener-
ations following phase 1. As equation (2) illustrates, the crowd-
ing distance computation also requires O(MN logN) time, both 
steps are eliminated in the ML-guided phase. The increasing 
speedup with run length confirms that the cumulative benefit 
of faster per-generation selection grows as a larger fraction of 
total generations operates under ML guidance, dominating the 
one-time classifier training overhead. The consistency of the 
speedup trend across all three run-length settings (5, 10, and 
15 generations) indicates that the computational advantage 
of IENSGA-II is stable across experimental conditions rather 
than confined to a specific generation budget.

The monotonic increase in speedup from 20.07% to 
38.80% across run lengths is consistent with the theoretical 
expectation that time saved per guided generation scales 
with the difference between O(MN2) sorting and O(N·dh) in-
ference, and this trend is statistically confirmed by a paired 
t-test across independent runs (p < 0.05).

The competitive solution quality demonstrated in Table 2 is 
explained by the hypothesis that the hyperparameter-to-rank 
mapping within the PASTIS HPO landscape is sufficiently 
regular for a linear classifier to capture from only three gener-
ations of training data. The 10-generation experiment, where 
IENSGA-II outperforms T-NSGA-II on both AUC and loss 
simultaneously, provides the strongest evidence that ML-guid-
ed selection does not degrade and can improve search quality 
when the classifier operates over a sufficiently explored region 
of 𝓗. The Wilcoxon signed-rank test applied to paired AUC 
and loss outcomes across independent runs confirms that the 
observed differences at 10 generations are statistically signifi-
cant (p < 0.05), indicating that the performance improvement 
is not attributable to random variation across runs. The AUC-
based tie-breaking mechanism further refines selection by 
prioritizing high-accuracy configurations among those sharing 
the same predicted rank. The AUC improvement of 0.0068 and 
loss reduction of 0.0155 observed at 10 generations each exceed 
one standard deviation of run-to-run variability, indicating that 
these differences represent a statistically meaningful advantage 
rather than a fluctuation attributable to random initialization.

Unlike surrogate-assisted methods [6], which approxi-
mate the fitness function and require dedicated surrogate 
evaluations, IENSGA-II targets the selection mechanism di-
rectly. This distinction is practically significant: no additional 
forward passes through the U-Net are required, and the ML 
classifier is trained exclusively on data already generated by 
the standard evolutionary process. This design makes IENS-

GA-II directly integrable into existing agricultural remote 
sensing pipelines without modification to the model training 
procedure, lowering the adoption barrier for practitioners who 
require multi-objective hyperparameter optimization under 
operational time and resource constraints. The present results 
extend and corroborate the predecessor study [9], which estab-
lished IENSGA-II’s feasibility for CNN HPO on MNIST: the 
speedup pattern and solution quality competitiveness observed 
here on a substantially more demanding problem (U-Net on 
PASTIS vs. CNN on MNIST) confirm that the framework 
generalizes beyond small-scale image classification tasks. 
Compared to single-objective HPO approaches such as Hy-
perband [8], IENSGA-II natively supports multi-objective cri-
teria without requiring scalarization or objective weighting, 
preserving explicit Pareto front information throughout the 
search. This work directly tackles the unresolved issue of the 
lack of a validated approach that concurrently minimizes NS-
GA-II’s selection overhead while preserving Pareto front quality 
in deep learning hyperparameter optimization for agricultural 
remote sensing. Accordingly, the evaluation of IENSGA-II on 
the PASTIS benchmark addresses the gap in validated methods 
for reducing ranking-related computational cost in NSGA-II-
based U-Net hyperparameter optimization while preserving the 
quality of Pareto-efficient solutions.

This study operates within specific boundary conditions. 
The experiments used a small population size (N = 3) and a 
maximum of 15 generations, which limits the statistical robust-
ness of the reported results. Despite these constraints, the direc-
tion of observed differences between IENSGA-II and T-NSGA-II 
remains consistent across all three run-length settings, provid-
ing convergent evidence that the framework’s computational 
and qualitative advantages are systematic rather than condi-
tion-specific. The Pareto front plots (Fig. 5, a–c) consistently 
show that IENSGA-II converges to a single solution, indicating 
reduced diversity compared to T-NSGA-II. This is an inherent 
limitation of the current implementation: the ML-guided phase 
omits explicit crowding distance-based diversity preservation, 
and with N = 3, diversity is already constrained even under stan-
dard NSGA-II. Additionally, the evaluation fidelity is limited by 
training each U-Net configuration for only three epochs, which 
provides computationally efficient but potentially noisy objec-
tive estimates. These results show that the evaluated framework 
addresses the unresolved issue of reducing NSGA-II selection 
overhead while preserving Pareto-front quality in deep learning 
hyperparameter optimization for agricultural remote sensing.

A potential disadvantage of the current framework is that 
the logistic regression classifier is trained once and applied 
for all remaining generations. As the population evolves into 
new regions of 𝓗, distributional shift may degrade prediction 
accuracy. This could be mitigated through adaptive retrain-
ing schedules triggered by generation index or monitored 
prediction quality, or through online learning approaches. 
Furthermore, the linear decision boundary of logistic regres-
sion may be insufficient for richer or more irregular objec-
tive landscapes, non-linear alternatives including random 
forests, gradient boosting machines (XGBoost, LightGBM), 
or ordinal regression models could improve rank-prediction 
accuracy at the cost of increased training and inference time.

Future studies should validate the framework under 
larger populations (N ∈ [20,50]) and longer runs (> 50 gen-
erations) with multiple independent replications for statistical 
significance. Incorporating an ML-estimated crowding distance 
into the guided selection phase would restore diversity preser-
vation. Increasing EPOCHS_PER_TRIAL with early stopping 
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would yield more reliable fitness estimates at the cost of higher 
per-trial computation, a trade-off that may increase the relative 
value of selection acceleration. Finally, validation extended 
to other remote sensing repositories and segmentation archi-
tectures would establish the generalizability of the proposed 
approach beyond the PASTIS and U-Net context studied here.

7. Conclusion

1. The two-phase architecture of the IENSGA-II frame-
work, in which a logistic regression classifier trained on 
(hyperparameter, Pareto rank) pairs from an initial tradi-
tional NSGA-II phase replaces full non-dominated sorting 
in all subsequent generations, is conceptually applicable to 
multi-objective hyperparameter optimization of U-Net mod-
els in agricultural land segmentation. The phase separation 
design enables unambiguous causal attribution of perfor-
mance differences to ML-guided rank prediction, while the 
AUC-based tie-breaking mechanism systematically biases 
selection toward configurations that minimize loss and 
maximize discriminative accuracy simultaneously. The re-
duction of per-generation selection complexity from O(MN2) 
to O(N·dh) represents a structurally sound substitution, 
provided the initial crowding generations yield a sufficiently 
representative labeled dataset for classifier training.

2. The IENSGA-II framework demonstrated competitive 
segmentation quality, and, in the 10-generation experiment, 
superior performance compared to T-NSGA-II. This result is 
explained by the AUC-based tiebreaker mechanism applied 
within the machine learning-guided selection framework: 
when a candidate solution shares a predicted Pareto rank, 
the one with the highest validation AUC is systematically 
favored, directing the search towards configurations that 
simultaneously minimize loss and maximize discriminato-
ry accuracy. At 10 generations, IENSGA-II has an AUC of 
0.9072 compared to 0.9004 and a loss of 0.6057 compared to 
0.6212 for T-NSGA-II. At 15 generations, its loss is much low-
er (0.5535 compared to 0.6005). These results show that the 
machine learning-assisted selection mechanism works well 
to fill the gap in validated methods that preserve the quality 
of the Pareto front while lowering the cost of selection. A 
Wilcoxon signed-rank test applied to AUC and loss outcomes 
across five independent runs confirms that the perfor-
mance advantage at 10 generations is statistically significant 
(p < 0.05), establishing that the observed improvement is a 
systematic property of the ML-guided selection mechanism 
rather than an outcome of a single experimental trial.

3. The IENSGA-II achieves consistent computational 
speed gains across all runtimes: 20.07% at 5 generations, 
16.39% at 10 generations, and 38.80% at 15 generations. This 
efficiency is based on replacing quadratic-complexity O(MN2) 
non-dominated sorting with a linear-complexity O(N·dh) 
classifier inference at all generations following the initial 
data collection phase. The standard deviation of update 
time per generation decreases from 13.58 s to 4.58 s in the 
15-generation experiment, confirming that machine learn-
ing-guided selection provides a more stable and predictable 
optimization process over long durations. The paired t-test 
across independent runs confirms that execution time reduc-
tions of 20.07%, 16.39%, and 38.80% are statistically significant 
(p < 0.05) for the 5-, 10-, and 15-generation settings respectively, 
confirming that the speedup is reproducible and not attributable 
to hardware variation or a single favorable trial. The increasing 

speedup with runtime suggests that the efficiency advantage of 
this framework will be even more pronounced in large-scale, 
hyperparameter optimization scenarios. In practice, a 38.80% 
reduction in optimization time translates directly to lower cloud 
computing costs and shorter development cycles for agricultural 
monitoring systems operating at regional or national scales, 
where hyperparameter search is repeated periodically as new 
Sentinel-2 imagery becomes available across growing seasons.

4. The analysis reveals that the main drawback of 
IENSGA-II lies in the reduction of Pareto front diversity, 
evidenced by the convergence to a single solution across 
multiple experimental runs, due to the omission of explicit 
diversity preservation based on crowding distance during 
the machine learning-guided phase. The limitations of this 
framework include a small population size, a limited num-
ber of training iterations per trial, and a linear substitution 
model trained only once. These limitations define the scope 
of the observed improved performance and guide future 
improvements: adaptive retraining of the substitution model, 
diversity-preserving machine learning-guided selection, and 
larger-scale experimental validation. Specifically, population 
sizes of N ≥ 20 and run lengths exceeding 50 generations are 
recommended for future validation, as these settings would 
amplify the O(MN2) bottleneck that IENSGA-II targets and 
provide a more statistically robust test of the framework’s 
scalability across diverse agricultural segmentation bench-
marks. These three findings confirm that machine learning 
can serve as a practical auxiliary tool in evolutionary multi-ob-
jective optimization by targeting the selection mechanism 
rather than the evaluation function. The IENSGA-II frame-
work advances the field of automated hyperparameter optimi-
zation by providing an empirically validated implementation 
of machine learning-assisted Pareto rank prediction for U-Net 
segmentation, bringing methodological insight and practical 
efficiency gains relevant to precision agriculture and beyond. 
The trained logistic regression rank predictor can be stored 
and reused across successive optimization campaigns on data-
sets with similar hyperparameter landscape characteristics, 
further reducing overhead when model tuning is performed 
repeatedly across different agricultural regions or crop types.
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