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Abstract

This paper investigates the limits of foundation models in medical image segmentation, mainly focusing on 
SAM by Meta. While previous research demonstrated SAM’s potential for cost-efficient segmentation, this study 
explores its performance enhancement through integration with prompt enhancement optimization and genetic 
algorithms, aiming to minimize user input further. As a proof of concept, we apply this novel approach to 
lung segmentation tasks using public axial lung CT scans, frontal chest X-ray datasets, and spleen MRIs. Our 
findings reveal that the genetic algorithm optimization significantly improves SAM’s segmentation accuracy, 
bringing it closer to the state-of-the-art performance achieved by specifically trained models. In particular, when 
compared with our previous approach, this technique reaches a 94.85 % Jaccard Index (+3.77 delta) and a 97.17 % 
Dice Score (+2.50 delta) for lung CT scans, a 93.39 % Jaccard Index (+5.95 delta) and a 96.57 %Dice Score (+3.38 
delta) for chest X-rays, and a 91.00 % Jaccard Index (+6.51 delta) and a 95.07 % Dice Score (+4.12 delta) for spleen 
MRIs. Notably, this improvement is achieved without retraining or modifying SAM’s architecture. However, our 
analysis also identifies an inherent limitation in this optimization approach, revealing a performance ceiling that 
cannot be surpassed despite further genetic algorithm iterations. The implications of these findings emphasize 
the potential of combining foundation models with non-intrusive optimization techniques for cost-effective and 
accessible medical image segmentation. While dataset-related limitations may affect generalizability, validating 
the approach across broader clinical scenarios remains essential. Future work should explore applications to 
additional organs, diverse datasets, and the integration of expert-in-the-loop strategies to enhance clinical utility.
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I.	 Introduction

Image segmentation, the process of partitioning an image into 
meaningful regions [1], is a cornerstone of computer vision, especially 

in medical imaging, where it focuses on identifying and delineating 
regions of interest such as anatomical structures or pathological areas. 
This task is crucial for accurate diagnosis, treatment planning, and 

disease monitoring. While Deep Learning (DL) has revolutionized 
medical image segmentation [2], [3], developing and deploying these 
sophisticated models requires substantial computational resources, 
specialized expertise, and extensive datasets, potentially limiting their 
accessibility and practicality in real-world healthcare settings.

The emergence of foundation models, such as Segment Anything 
Model (SAM) by Meta, introduced in 2023, signified a paradigm shift 

https://orcid.org/0000-0002-1024-6202
https://orcid.org/0009-0005-0240-9445
https://orcid.org/0000-0002-9144-0698
https://orcid.org/0000-0003-2999-4304
https://orcid.org/0000-0002-6545-0913


Regular Issue

- 17 -

in image segmentation [4]. Trained on an unprecedented scale of data, 
SAM exhibited remarkable zero-shot transfer capabilities, enabling it 
to segment images from domains on which it had not been explicitly 
trained. This breakthrough has sparked interest in leveraging SAM’s 
capabilities for efficient and user-friendly medical image segmentation 
[5]. As we showed in a previous work [6], SAM without modifications 
can deliver high-quality medical image segmentation, producing results 
comparable to state-of-the-art models designed for this task. SAM’s 
performance was significantly improved in that work by providing 
additional input as prompts, such as points or bounding boxes that 
are not arbitrarily chosen. These prompts guide the model’s attention 
to specific regions of interest, improving its accuracy, especially in 
cases where the target objects have unclear boundaries or the model 
struggles to distinguish between foreground and background.

A key strength of the proposed framework lies in its real-world 
applicability, particularly in clinical workflows where manual image 
segmentation is both time-intensive and expertise-dependent. By 
integrating SAM with Genetic Algorithms (GAs), the system enables 
specialists to rapidly generate preliminary segmentations, which 
can then be iteratively refined with minimal additional input. This 
approach not only reduces annotation time by over 90 %compared to 
traditional manual methods but also alleviates the workload of highly 
trained professionals, allowing them to focus on tasks that require 
expert judgment.

Improving the performance of Artificial Intelligence (AI) models 
often necessitates going beyond the initial training phase. Several 
approaches have emerged to achieve this goal. Fine-tuning involves 
adapting a pre-trained model to a specific task or dataset by further 
training it on new data. Model alteration delves into the model’s 
architecture, potentially adding layers, modifying connections, 
adjusting hyperparameters, or including new components. Input 
preprocessing aims to optimize the data fed into the model, which 
might involve cleaning, formatting, or augmenting the input to aid the 
model achieve its intended goal. Lastly, prompt engineering focuses 
on crafting effective input prompts to elicit desired outputs. Each of 
these approaches offers distinct advantages and may be employed 
independently or in conjunction to enhance the efficacy of AI models 
in various applications.

Although medical image segmentation is a critical process in 
healthcare diagnostics and treatment planning, no single algorithm 
can effectively segment all types of medical images across different 
modalities. Hybrid segmentation approaches (e.g., combining DL 
models with evolutionary methods) address this challenge by 
integrating two or more techniques to leverage their complementary 
strengths while minimizing their individual limitations [7].

Further enhancing SAM’s performance, particularly in achieving 
accurate segmentation with fewer user prompts, remains a compelling 
research direction. However, it raises the question of how much 
improvement can be made using non-modifying, cost-effective 
techniques. Despite various approaches to enhance SAM, there may 
be an ultimate limit to how much its segmentation results can be 
improved. This paper explores the innovative combination of SAM 
with GAs to address this question.

GAs, inspired by the principles of natural evolution [8], offer 
a powerful optimization technique for exploring complex search 
spaces. Combining GAs and AI is common and is ideal for refining the 
prompts used in SAM’s segmentation process. GAs and AI have been 
used together to perform Human Activity Recognition (HAR) [9], or 
predict wine quality [10], just to mention a couple of them.

Building on prior research into SAM’s capabilities for cost-
efficient medical image segmentation [6], this study aims to further 
minimize the need for user input. Our goal is to potentially achieve 

segmentation of an entire medical image volume with a single, 
optimally engineered prompt. By integrating GAs, we aim to optimize 
the prompt engineering process, enabling SAM to reach its highest 
possible segmentation accuracy with minimal user intervention. GAs 
will search through the space of possible prompts to find the optimal 
one, while also investigating whether a performance ceiling exists.

In summary, the key contributions of this paper are as follows:

•	 Introduces a novel approach combining SAM with GAs to enhance 
segmentation accuracy with minimal user input.

•	 Demonstrates the potential for optimizing prompt engineering 
using GAs to achieve more precise and efficient segmentation 
results.

•	 Explores the theoretical limits of improving SAM’s performance 
using non-modifying, cost-effective techniques.

•	 Advances previous research in cost-efficient medical image 
segmentation by further reducing the need for user intervention.

The remainder of the paper is organized as follows to address 
the questions above and to stimulate the discussion on whether the 
results obtained by a foundation model as SAM can be improved using 
proven algorithm techniques that do not involve model modification 
or retraining. Section II explores the techniques applied in other works 
to improve SAM’s performance. Section III describes the process 
we propose to improve SAM’s performance, and the environment 
where the experiments were performed. The results obtained in the 
experimental tests are compared in Section IV with those achieved 
by our previous work. These results are further commented on in 
Section V, where some interesting particularities are analyzed. Threats 
to validity and limitations of this study are presented in Section VI. 
Finally, in Section VII, we analyze these results and propose future 
lines of research.

II.	 Related Works

Since its publication on April 2023, SAM has been the subject 
of numerous studies. SAM’s Magnetic Resonance Imaging (MRI) 
scans of brain tumor segmentation capabilities are tested in [11]. 
The authors conclude that while SAM demonstrates the potential 
for automating specific tasks within Medical Image Segmentation 
(MIS), its application for diagnostic purposes, particularly in complex 
cases such as the analysis of brain tumor MRI scans, requires further 
training and implementation refinements. Instead of focusing on a 
particular modality and segmentation task, in [5], the authors present 
a comprehensive comparison of SAM’s performance within MIS 
across multiple modalities and segmentation tasks. Their goal was 
to guide researchers on appropriately using and developing SAM. 
Among the paper’s conclusions, its authors argue that SAM performed 
remarkably in some specific object segmentation. However, it was 
unstable, imperfect, or even failed in other situations. Nevertheless, 
fine-tuning SAM on specific medical tasks could improve its average 
performance.

Fine-tuning is a common technique in machine learning, taking 
a pre-trained model and further training it on a smaller, domain-
specific dataset. This technique allows the model to adapt its learned 
representations to the specific task and perform better. Multiple 
efforts fine-tune SAM, further training it for MIS tasks [12]–[20]. This 
process helps the model adapt to the specific characteristics of the new 
data and improve its performance on the target task. However, fine-
tuning can be computationally expensive, requiring large annotated 
datasets, significant computational resources, and teams of experts to 
manage the process.

When adapting large models like SAM, fine-tuning the entire 
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model can be computationally expensive. Parameter-efficient fine-
tuning techniques address this by only updating a small subset of 
the model’s parameters, making the process more efficient while 
maintaining performance [13], [15], [16], [18], [21]. These techniques 
are particularly useful when adapting SAM for medical imaging, 
where large annotated datasets are often scarce.

The original SAM’s mask decoder might not be optimal for specific 
medical image segmentation tasks. Redesigning the decoder, for 
instance, by incorporating a U-shaped structure, has shown potential 
in enhancing SAM’s performance [16]. Morton Colbert et al. [22] 
aims to develop and compare methods for refining traditional U-Net 
segmentations by repurposing them for automated SAM prompting.

A similar approach to the one we followed in our previous work  
(i. e., looking for improvements that do not require altering the model) 
is taken by [23]. SAM’s performance is improved by enhancing 
the images to segment before feeding them to the model instead of 
altering it.

Recent years have witnessed a surge of interest in hybrid 
segmentation approaches that combine DL models with evolutionary 
or metaheuristic optimization techniques. JiMing et al. [24] proposed 
SAOBL-IA, a hybrid method integrating simulated annealing, 
opposition-based learning, and an island algorithm with 2D OTSU 
fusion segmentation, demonstrating strong performance in medical 
image tasks. Hosny et al. [25] introduced COVID-HHOA, which 
employs hybrid metaheuristics for multilevel thresholding in both 2D 
and 3D medical image segmentation, leveraging Otsu’s and Kapur’s 
entropy-based fitness functions.

III.	Methods

In our previous work, we proposed an approach that involved 
building an optimal prompt based on the characteristics of the target 
organ. This prompt, along with the corresponding image, was input 
into SAM for segmentation, and the results were compared with the 
ground truth. The segmentation output was close to state-of-the-art 
performance.

In this paper, we refine the previous pipeline even more by 
including a post-processing step. Fig. 1 shows our new approach based 
on genetic algorithms. The prompt provided by our previous approach 
contains a bounding box and some points. The positive points mark 
the organ to segment, meaning that whatever is in that location is 
significant for the segmentation process. The other one is negative, 
meaning the opposite. In this new approach, said prompt will be used 
to get an initial segmentation: the first generation. SAM’s output is 
evaluated using the metrics described in Section D. That way, the 
fitness of this first generation is evaluated. Using this fitness, a new 
generation (i.e., a new prompt) is obtained. This process repeats until 
no significant improvement is achieved.

Using GAs to improve SAM’s medical image segmentation results 
is a novel avenue of research. As far as we know, no work has 
explored this optimization technique at the time of this writing. Since 
there is no state-of-the-art to compare, the results must be analyzed 
systematically and precisely. Therefore, to ensure that this is a self-
contained work, in this section, we will briefly discuss GAs and which 
of the different existing modalities we have used in our experiments. 
We will also describe the environment used for these experiments, 
including the data, the software, and the hardware.

A.	Genetic Algorithms
GAs are a branch of artificial intelligence that uses evolutionary 

techniques to search for solutions in a broad search space. These 
algorithms mimic the process of natural selection, reproduction and 

mutation that occurs in biological evolution, but on a much faster and 
controlled scale [8].

Evolution starts from a population of individuals generated 
randomly or by specific heuristics and is an iterative process. These 
individuals represent possible solutions to the problem at hand, and 
are encoded in what has been called a chromosome. In each generation 
(iteration), the fitness of each individual in the population is evaluated, 
using the objective function of the optimization problem in question. 
The fittest individuals of the current population are selected, and their 
chromosome is modified (by crossover and/or mutation) to form a new 
generation, which is used in the next iteration of the algorithm. The 
algorithm terminates when a predetermined criterion is reached (e.g., 
maximum number of generations, no improvement, or satisfactory 
fitness level for the population, just to mention a few).

GAs use the principles of selection, reproduction and mutation to 
explore the search space and find optimal or near-optimal solutions to 
complex problems. This ability to search for solutions in parallel and 
explore the search space efficiently is what makes GAs a powerful 
tool in a variety of fields. Specifically in the field of medicine, they 
have been applied to very diverse objectives, such as prediction of 
enzymatic function [26], development of auxiliary systems for the 
diagnosis of Parkinson’s disease [27], identification of carcinogenic 
genes from microarray data [28], and population pharmacokinetic/
pharmacodynamic model selection [29].

B.	Proposal
To optimize SAM prediction, a basic single-objective GA is applied 

with the classical genetic operators selection, crossover, and mutation. 
The objective function is the Jaccard index or Dice score, calculated 
by comparison with the provided masks of the lungs. Optimization is 
applied to the xy coordinates of the prompt’s input points in the image. 
Two of them are positive, meaning that whatever is in that location 
is significant for the segmentation process. The other one is negative, 
meaning the opposite. Thus, the chromosome is a vector of length 6 
whose components are the x and y coordinates of each entry point.

1.	Formal Definition of the Problem
The problem addressed here can be formulated as a single-objective 

optimization problem, as described in (1):

	 (1)

where 𝑥 is a vector with the horizontal and vertical coordinates of 
each input point, 𝑓1(𝑥) is the opposite of Jaccard Index and 𝑓2(𝑥) the 
opposite of Dice Score. Ω contains the lower and upper limits to which 
each component of 𝑥 is subject, defining its decision space.

The objective functions 𝑓1(𝑥) and 𝑓2(𝑥) are defined as shown in (2):

	 (2)

Here, JCI denotes the Jaccard Index (3), and DSC represents the 
Dice Score (4):

	 (3)

	 (4)

where A is the segmentation predicted by SAM using the input 
points defined in 𝑥, and B is the ground truth mask. A more detailed 
explanation of these functions can be found in Section D.

2.	Chromosome Definition
The individual’s chromosome (X) has been defined as a vector of six 
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elements: X = (𝑥1, 𝑥2, ..., 𝑥6), where each pair of consecutive elements 
(1-2, 3-4, 5-6) represents the horizontal and vertical coordinates in the 
input image of an input point. The first two (𝑥1, 𝑥2) and (𝑥3, 𝑥4) are 
positive points, and the last (𝑥5, 𝑥6) is a negative point.

3.	Procedure
For each image, first the bounding box that completely surrounds 

the mask area provided in the datasets (the lungs) is obtained, which 
will be the input bounding box for SAM. Furthermore, throughout the 

optimization process individuals may only be located within that same 
area. Next, the optimization process (GA) begins:

•	 The population is randomly initialized, with coordinate values 
constrained so that points (individuals) lie within the bounding 
box when working with lung slices.

•	 The evaluation function of the individuals is the opposite of the 
Jaccard index or Dice score, as it will be minimized. To calculate it, 
SAM is launched individually with all individuals in the population 
as input points (together with the bounding box and the image to 
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Fig. 1. Genetic algorithm optimization of medical image segmentation with SAM.
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be segmented). From the prediction generated by SAM and the 
ground truth mask, the Jaccard index or Dice score is calculated, 
depending on which objective function is being used.

•	 The individuals are ordered by the evaluation function (fitness), 
and survival of the fittest is applied.

•	 For selection, a Tournament is applied. The crossover operator 
is set as Simulated Binary Crossover (SBX) and the mutation as 
Polynomial Mutation (PM).

•	 If after the evaluation step the stopping criterion is reached, the best 
individual (the one with the best value in the objective function) 
is returned, together with its corresponding SAM segmentation.

C.	Datasets
In our previous work [6], SAM’s performance when segmenting 

medical images was tested using two public lung datasets: axial lung 
scans and frontal chest X-rays. These datasets were selected based on 
their accessibility, prior publication, and established use in scientific 
research. The proposed optimization technique founded on GAs 
should employ the same datasets to be adequately compared with our 
prior method.

The first dataset, comprising 20 axial lung scans in NIfTI format 
[30], is divided into two subsets: Coronacases and Radiopaedia. The 
Coronacases subset exhibits superior Computed Tomography (CT) 
slice quality compared to the Radiopaedia subset, which consists of 
lower-resolution cone beam CTs. Furthermore, the Coronacases subset 
contains only 512 px × 512 px slices. In contrast, the Radiopaedia 
subset is more heterogeneous, featuring nine 630 px × 630 px slices 
and one 630 px × 401 px slice. With an average of 176 slices per CT 
scan, this dataset provides approximately 3520 images for evaluating 
the performance of SAM. This dataset was also used by [31] to evaluate 
the performance of their DMDF-Net.

The second dataset, Montgomery, originates from Montgomery 
County, Maryland, USA, and consists of 138 frontal chest X-rays in 
Portable Network Graphics (PNG) format [32]. The dataset includes 
both normal cases and cases with pulmonary abnormalities, primarily 
related to tuberculosis. Corresponding left and right lung masks are 
also provided in PNG format. Chen et al. [33] used this dataset to 
evaluate the performance of their TransAttUnet model.

Our previous work’s homonymous section contains more 
information about these datasets.

To complement the main evaluation conducted on CT and X-ray lung 
images, we further assess model performance on a different imaging 
modality and anatomical structure. Specifically, we incorporate 
a subset of the Amos dataset [34], a clinical abdominal organ 
segmentation benchmark comprising 500 CT and 100 MRI volumes. 
Each volume includes multiple segmentation annotations for various 
abdominal organs, including the spleen. We selected the spleen as the 
target structure to evaluate model performance on an organ distinct 
from the lungs, and we used MRI data to assess performance on a 
modality different from the CT images used in the main experiments. 
To specifically evaluate SAM on MRI data, we selected 14 spleen-
labeled MRI volumes. To enhance representativeness and mitigate 
potential biases associated with scanner variability, we further refined 
the selection to 8 volumes acquired using a Siemens Ingenia scanner. 
Slice dimensions range from 260 px × 80 px to 320 px × 260 px, with 
variations in between. These are the smallest dimensions across all the 
datasets used.

D.	Metrics
The segmentation performance of SAM will be assessed using two 

widely employed similarity indices: the Jaccard Index (JCI) and the 
Dice Score (DSC), as defined in (3) and (4), respectively. These metrics 

quantify the spatial overlap between two binary images, A and B, 
typically a segmentation result and the corresponding ground truth.

As noted by [35], both the Jaccard Index and Dice Score are 
considered robust and reliable metrics for evaluating medical 
image segmentation. While the Dice Score balances sensitivity and 
accuracy, the Jaccard Index penalizes under-segmentation and over-
segmentation more heavily, making it particularly suitable when high 
segmentation precision is paramount.

Fig. 2 illustrates the difference in severity between the two metrics. 
Using hypothetical square areas representing ground truth (side 
length: 100 px) and a prediction (side length: 70 px), the Jaccard Index 
(49.00 %) is lower than the Dice Score (65.77 %) due to its greater 
sensitivity to the mismatch in size.

100 px

Ground Truth
Prediction

70 px

Fig. 2. Example comparing ground truth and predicted segmentation.

Given the lack of established threshold values for determining 
segmentation effectiveness [36], SAM results will be compared to 
those reported in relevant literature to assess its performance.

E.	 Experimental Setup Environment
The experiments were performed on a 2x Intel(R) Xeon(R) CPU E5-

2630 v3 @ 2.40 GHz and 78 GB of RAM with an NVIDIA GeForce GTX 
TITAN Graphics Processing Unit (GPU), CUDA version 10.1 running 
under Ubuntu 14.04.6 and Python 3.9.0. For the implementation of the 
GA, the version 0.6.1.1 of the Python framework pymoo1 for multi-
objective optimization was used.

IV.	Results

The genetic algorithm approach selected for this paper uses the 
segmentation evaluation metrics (Jaccard Index and Dice Score) 
as its objective. At the same time, we evaluate the segmentation 
performance using these metrics. How does using a given metric as 
an objective impact the results? For example, does using the Jaccard 
Index as an objective benefit the Jaccard Index results while hurting 
the Dice Score results? Fig. 3 shows the influence that using a given 
metric as the objective in the genetic algorithm optimization has on 
the other metrics. Fig. 3b, e.g., shows the Dice Score obtained when 
using the Jaccard Index as the objective metric, i.e., the influence of the 
Jaccard Index on the Dice Score. The results obtained in [6] are used 
as baseline. For each dataset, the baseline and the genetic optimization 
results are shown side by side. These box plots include the median 
of the distribution as a continuous green line, and its average as a 
dotted green line. The notch represents the confidence interval of the 
median. A darker green dotted line is shown between each pair of box 
plots, representing the difference between the average of the genetic 
optimization and the baseline. The value of said difference is shown 
at the top of each dotted line. The current state-of-the-art is shown 
above each pair of plots. CT results (Coronacases and Radiopaedia) 
are compared with [31], X-rays are compared with [33], while spleen 
MRI results are compared with [21] for the Jaccard Index and [16] 
for the Dice Score. The percentage still needed for SAM + the genetic 
algorithm optimization to reach the state-of-the-art is shown at the 

1 https://pymoo.org/
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right of each pair of plots, this time using a red dotted line. The actual 
values for each test are shown in Table I, with the best values in bold.

Additionally, we have included the mean values obtained by 
segmenting the different datasets using MedSAM [37] as an additional 
reference baseline. As this fine-tuned model was trained specifically 
on medical images and uses only bounding boxes as prompts, we 
adopted the same prompt configuration to generate results for our 
datasets, in alignment with the methodology described in MedSAM.

The general trend is that the genetic algorithm optimization 
improves the results obtained by SAM in all datasets, regardless of the 
metric selected as an objective for the genetic algorithm optimization. 
Besides, SAM’s results are now closer to the state-of-the-art than before.

Furthermore, the results of SAM with genetic optimization are now 
closer to the state of the art and surpass those achieved by MedSAM 
across most datasets. The only exception is the Montgomery dataset, 
where the results obtained through SAM with genetic optimization 
closely approach—but do not surpass—those of MedSAM and other 

(a) Jaccard Index on Jaccard Index. (b) Jaccard Index on Dice Score.

(c) Dice Score on Jaccard Index. (d) Dice Score on Dice Score.

Fig. 3. Objective metric influence on other metrics.

TABLE I. Objective Metric Influence on Other Metrics (Averages)

Baseline Genetic Delta
Coronacases 91.89 % 95.33 % +3.44 %
Radiopaedia 90.27 % 94.36 % +4.09 %
Montgomery 87.45 % 93.38 % +5.94 %
Amos (spleen) 84.49 % 90.99 % +6.50 %

(a) Jaccard on Jaccard.

Baseline Genetic Delta
Coronacases 95.27 % 97.49 % +2.22 %
Radiopaedia 94.08 % 96.85 % +2.77 %
Montgomery 93.19 % 96.56 % +3.37 %
Amos (spleen) 90.94 % 95.05 % +4.11 %

(b) Jaccard on Dice.

Baseline Genetic Delta
Coronacases 91.89 % 95.32 % +3.42 %
Radiopaedia 90.27 % 94.39 % +4.11 %
Montgomery 87.45 % 93.40 % +5.95 %
Amos (spleen) 84.49 % 91.00 % +6.51 %

(c) Dice on Jaccard.

Baseline Genetic Delta
Coronacases 95.27 % 97.48 % +2.21 %
Radiopaedia 94.08 % 96.87 % +2.78 %
Montgomery 93.19 % 96.57 % +3.38 %
Amos (spleen) 90.94 % 95.07 % +4.12 %

(d) Dice on Dice.
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state-of-the-art methods. In this case, it is reasonable that CT and 
MRI modalities yield higher Jaccard Index and Dice Score values, as 
they provide more granular spatial information and finer anatomical 
detail than X-ray. These modalities are designed to better visualize and 
delineate soft tissues. However, a more in-depth study is required to 
confirm this explanation.

When working with the Coronacases dataset, the genetic algorithm 
is able to reduce the gap with the state-of-the-art by 3.44 % using the 
Jaccard Index as objective, and by 2.22 % using the Dice Score. That way, 
the distance from the state-of-the-art has narrowed down to 2.05 % 
and 1.19 %, respectively.

On the other hand, when working with the Radiopaedia dataset, 
the genetic algorithm is able to reduce the gap with the state-of-
the-art by 4.09 % using the Jaccard Index and by 2.78 % using the 
Dice Score. Now, the distance from the state-of-the-art is 3.02 % and 
1.79 %, respectively.

In the Montgomery dataset, the genetic algorithm reduces the gap 
with the state-of-the-art by 5.94 % in terms of the Jaccard Index and by 
3.38 % in terms of the Dice Coefficient. As a result, the average distance 
between SAM and the state-of-the-art is 4.44 % (Jaccard Index) and 
2.31 % (Dice Score).

A more substantial improvement is observed in the spleen subset 
of the Amos dataset, where the genetic algorithm narrows the gap by 
6.51 % for the Jaccard Index and by 4.12 % for the Dice Coefficient. In 
this case, SAM’s average distance from the state-of-the-art is reduced 
to 3.01 % (Jaccard Index) and 2.63 % (Dice Score).

Not only the average values are closer to the state-of-the-art, but 
the distribution of the results is considerably better. In every instance 
of the results obtained by the genetic algorithm optimization, the gap 
between the median and the average is shorter than before, indicating 
that the genetic algorithm can improve the segmentation obtained by 
SAM. The Interquartile Range (IQR) and the confidence interval have 
narrowed, indicating that the results are more consistent than before.

A.	Ablation Study
To study the impact of the different parameters of the GA, an ablation 

study was conducted in which specific characteristics of the algorithm 
were systematically modified. The original configuration employs a 
mutation probability (pm) of 0.9, SBX as the crossover operator, and 
Tournament as the selection method. For this study, seven additional 
experiments were performed using a subset of Radiopaedia images, 
with the Jaccard Index as the objective function. In each experiment, 
one parameter from the standard configuration was altered. The 
parameters evaluated include mutation probabilities of pm = 0.5, 0.7, 
1.0, Uniform, One-Point, and Exponential crossover methods, and 
Random selection. Table II presents the results of these configurations 
in comparison with the standard setup, using the same image subset. 
As shown, the standard configuration yields the best performance.

TABLE II. Ablation Study: Average Jaccard Index for Each Parameter 
Configuration

Objective (Jaccard Index)
Standard 93.01 %
pm = 0.5 92.84 %

pm = 0.7 92.66 %

pm = 1.0 92.72 %

Random selection 92.95 %

Uniform crossover 92.90 %

Single Point crossover 92.81 %

Exponential crossover 92.97 %

However, since the differences are small, we can conclude that the 
effect of modifying these parameters is not particularly significant.

V.	 Discussion

This section provides a detailed interpretation of the experimental 
results, emphasizing the impact of GA optimization on segmentation 
quality. The evolution of objective metrics over time is analyzed in 
Section A to assess convergence and consistency across datasets. 
The dynamics of prompt displacement and movement trajectories 
are examined in Sections B and C to understand their contribution 
to performance gains. Section D evaluates SAM’s internal confidence 
score as a potential surrogate metric for optimization and discusses 
its relevance to the real-world application of our proposal, when no 
ground truth is available. Practical implications for clinical workflows, 
including execution time and usability considerations, are addressed 
in Sections E to G. Finally, Section H contrasts the efficiency of the 
proposed approach with the resource demands of training conventional 
segmentation models, and Section I reflects on the limitations imposed 
by the observed performance ceiling.

A.	Objective Metric Evolution
As illustrated in Fig. 3, the choice of objective metric (Jaccard or 

Dice) has little impact on the final results, confirming the robustness 
of the optimization process. Also, the improvement reached its limit, 
as the results are similar across all datasets and metrics. Fig. 4 shows 
that all metrics rapidly improve during early generations and then 
stabilize, indicating convergence. This pattern is consistent across 
datasets.

The evolution of the objective metric in every test is similar. All 
start with a low value, increase rapidly, and stabilize. All datasets show 
a rapid initial improvement followed by stabilization, with consistent 
patterns in the IQR indicating convergence. Nevertheless, that is the 
point of the genetic algorithm: to improve the results obtained by SAM 
until it is no longer possible. Interestingly, the limit reached in each 
case, regardless of the objective metric used by the genetic algorithm 
optimization, is quite similar.

B.	Distance Distribution
Fig. 5 highlights that, in the lung datasets, positive points tend to 

move more than negative ones, with greater displacements correlating 
with higher optimization gains—especially in the Montgomery dataset. 
In contrast, the opposite pattern emerges in the spleen datasets, where 
the displacement of negative points from their original location 
exceeds that of positive points.

Suppose we focus on the positive points in each lung plot, where 
there are two positive points. In the spleen dataset, by contrast, there 
is only one positive point. In that case, the positive points travel 
similar distances across datasets, regardless of the objective metric 
used for the genetic algorithm optimization. The negative point, 
however, travels significantly less than the positive prompts. A notable 
distinction arises with the Montgomery dataset, where the overall 
prompt displacements are longer compared to the other datasets. 
Interestingly, larger prompt displacements are associated with greater 
optimization gains in the Montgomery dataset. This behavior may be 
attributed to the nature of the images in that dataset, which are lower-
resolution cone beam CTs compared to Coronacases and Radiopaedia. 
A possible explanation for the shorter distance traveled by the positive 
prompt point in the spleen dataset is the smaller size of the target 
region, especially when compared to the lungs. Similarly, the larger 
surrounding area outside the spleen may account for the greater 
variability in the movement of the negative prompt point.
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(a) Coronacases Jaccard Index
evolution.

(b) Radiopaedi Jaccard Index
evolution.

(c) Montgomery Jaccard Index
evolution.

(d) Amos  (spleen) Jaccard Index
evolution.

(e) Coronacases Dice Score 
evolution.

(f) Radiopaedi Dice Score
evolution.

(g) Montgomery Dice Score 
evolution.

(h) Amos  (spleen) Dice Score 
evolution.

Fig. 4. Objective metric evolution over time for each dataset.

(d) Amos (spleen) Jaccard Index.

(e) Coronacases Dice Score. (f) Radiopaedia Dice Score. (g) Montgomery Dice Score. (h) Amos (spleen) Dice Index.

(a) Coronacases Jaccar Index. (b) Radiopaedia Jaccard Index. (c) Montgomery Jaccard Index.

Fig. 5. Normalized pixel distance distribution for each dataset.

(a) Coronacases. (b) Radiopaedia. (c) Montgomery.

Fig. 6. Travel described by the prompts during the genetic optimization.
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C.	Travel
Prompt movement trajectories, shown in Fig. 6, reveal more 

substantial shifts in the Montgomery dataset, which aligns with 
its higher improvement gains. This suggests greater optimization 
potential where initial prompts are suboptimal.

Until an optimal result is achieved, the points used to mark each 
lung in Fig. 6a are moved within the lung. The prompt for the right 
lung ends in a location very close to its edge. The negative prompt 
moves to extreme locations but ends in a position very close to the 
initial one. In Fig. 6b, prompt movements are gradual, reflecting 
steady convergence toward optimal values. However, the positive 
and negative prompts in Fig. 6c describe trajectories that take them 
through very different positions.

One possible interpretation of the travel made by the positive and 
negative prompts in these images is that it is more difficult to improve 
the results in both Coronacases and Radiopaedia, which are already 
close to the maximum. However, Montgomery has more room for 
improvement, and is the one that benefits the most from the genetic 
algorithm optimization. The reason behind this is the nature of the 
images in the dataset. This interpretation aligns with the results shown 
in Fig. 3 and Table I, where the highest deltas for the lung images 
optimized using GAs are observed in the Montgomery dataset.

D.	SAM Score as Estimated Metric
The results presented in Section IV show a significant improvement 

over those obtained by SAM in our previous work when a genetic 
algorithm is applied to it, without the need to retrain the model or 
make any adjustments. Using this method, SAM remains even closer 
to the state-of-the-art, competing with models specifically trained for 
this task. However, it is necessary to consider a fundamental aspect: 
for the genetic algorithm to perform its task, it is necessary to have 
the masks of the organ to be segmented and to use the corresponding 
metric as an objective. This information is not available in an actual 
environment, so applying this system would not be possible.

Fortunately, when performing the prediction, SAM returns a 
confidence value called SAM Score. This value predicts the Jaccard 
Index of the estimated segmentation [4]. The question is whether this 
confidence value improves with the genetic algorithm. The answer is 
yes, as can be seen in Fig. 7.

Fig. 7. SAM Score as objective metric.

As shown in Fig. 7, SAM’s internal confidence score improves after 
optimization, with tighter value distributions and higher consistency 
across datasets. Not only that, but the evolution of the SAM Score over 

time follows the same pattern as the Jaccard Index and the Dice Score 
exhibited in Fig. 4, as Fig. 8 shows. In summary, the SAM Score could 
be used as a reliable estimator for genetic algorithm optimization, as its 
behavior seems similar to that of the Jaccard Index and the Dice Score.

E.	 Real-World Application
A potential application of this framework involves a specialist 

interacting with the system to segment a series of images iteratively. 
Initially, the specialist would obtain an image requiring segmentation 
and provide input to the SAM model by marking a bounding box 
encompassing the region of interest and specifying positive and 
negative prompts. The SAM model would then generate a preliminary 
segmentation. Importantly, even without access to ground truth 
masks, the GA can optimize the segmentation using the SAM Score as 
an estimated metric, as its behavior closely mirrors that of established 
overlap measures, as discussed in Section D. If deemed satisfactory, the 
specialist could leave this segmentation as background input for the 
genetic algorithm to refine over time. This process would be repeated 
for subsequent images, allowing the specialist to efficiently provide 
initial segmentations for a large dataset. Upon completion of this 
preliminary phase, the specialist could then review and evaluate the 
refinements made by the genetic algorithm to the initial segmentations.

F.	 Execution Time
The execution time required to complete the GA varies depending 

on the type of image. For the Montgomery dataset, a maximum 
processing time of 10 min per image was imposed to ensure that the 
entire set of experiments could be completed within a manageable 
timeframe, as individual runs exceeded this duration without such a 
limit. For the other datasets, it was not necessary to enforce a time 
constraint, as the execution times were consistently shorter. The 
average execution times per image and for the complete processing 
of each dataset (including additional required processing tasks) are 
reported in Table III.

TABLE III. Average Execution Times per Image and per Dataset 
(Standard Deviation in Parentheses), in Minutes

Per image Total
Coronacases 1.69 (0.55) 3655.79 (511.51)
Radiopaedia 1.86 (0.58) 1530.30 (96.42)

Amos (spleen) 1.08 (0.40) 444.56 (89.57)

In view of the runtimes reported in Table III, GA-based refinement 
appears appropriate in scenarios where, after an initial segmentation 
using real-time applications with SAM, a radiologist requests the 
enhancement of specific images. While the runtime of the GA 
(approximately 1.50 min per image on average) is not suitable for real-
time and highly responsive user interfaces, it represents a significant 
improvement over manual segmentation, which takes an average of 
4.27 min per image [5]. This performance makes the approach well 
suited for batch processing and potentially viable for semi-interactive 
systems, particularly if further runtime optimizations are explored. 
Moreover, the proposed system could display progressively improved 
segmentations to the physician while the GA optimization runs in the 
background, allowing them to stop the process once a satisfactory 
result is reached. Alternatively, a target score could be defined so that 
the optimization process terminates automatically upon achieving it. 
Another option could be to use GA optimization as an on-demand 
enhancement method for SAM segmentations, which the physician 
could invoke when the initial result is not satisfactory.

G.	Impact of SAM on Clinical Workflows
Manual segmentation of medical images is a laborious task that 

demands the expertise of highly trained professionals. Multiple recent 
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investigations have analyzed the time investment necessary for 
segmenting anatomical regions across different imaging modalities. 
For example, in a study involving 100 images spanning nine distinct 
modalities, annotations were performed by three physicians with 
more than a decade of experience, requiring an average of 4.27 min 
per image [5]. In a similar vein, another work using COVID-19 CT 
images reported that segmenting a single scan composed of 250 slices 
took approximately 400 ± 45 min, equating to an average of 1.6 min 
per slice [38]. This segmentation effort was divided into three stages: 
initial labeling by junior specialists, refinement by senior radiologists, 
and a final verification by a highly experienced radiologist.

The adoption of SAM for medical image segmentation has 
considerably shortened annotation times while preserving, and in 
some cases enhancing, segmentation accuracy. In a multi-modality 
annotation task, SAM cut the average annotation duration from 4.27 
to 2.96 min per image and simultaneously improved segmentation 
precision, reflected by a decrease in the Human Correction Effort 
(HCE) index from 5.07 to 4.80 [5]. Similarly, in the aforementioned 
work where manual annotation averaged 1.6 min per slice [38], SAM 
lowered the required time to approximately ~1 s, as detailed in Section 
F, achieving a time reduction exceeding 96 %. These results underscore 
the value of integrating SAM in clinical workflows: not only does it 
streamline segmentation tasks, but it also mitigates the burden on 
medical professionals.

SAM performs segmentation in roughly ~1 s. Given that a specialist-
led segmentation process can span several minutes, the computational 
time required by SAM is practically negligible. The GA optimization 
batch processing described in Section E takes, on average, 1.69 min 
for the Coroncases dataset, 1.86 min for Radiopaedia, and 1.08 min 
for the Amos (spleen) dataset, as summarized in Table 3. However, 
it is crucial to note that following SAM’s automated segmentation, 
clinicians are expected to revise and adjust the results based on 
their domain knowledge and the specific clinical scenario. Thus, 
SAM is not intended to supplant expert judgment in annotation or 
diagnosis; instead, it functions as a supportive tool that accelerates the 
segmentation process, reduces workload, and contributes to higher-
quality outcomes through its advanced capabilities.

H.	Requirements for Training Segmentation Models
As discussed in Section I, developing segmentation models 

for medical imaging is inherently resource-intensive, requiring 
considerable computational power, domain-specific knowledge, and 
financial support. These demands have been increasingly emphasized 
in recent research.

For example, DMDF-Net [31], a dual multiscale dilated fusion 
architecture, was developed to segment COVID-19 lesions from lung 
CT images. Its training relied on the MosMed [39] and COVID-19-
CT-Seg [30] datasets, comprising a total of 70 CT scans and 5569 
annotated slices. The model was trained for 15 epochs using a batch 
size of eight and a learning rate of 0.001, with computations performed 
on an NVIDIA GTX 1070 GPU. The overall project cost, including data 

preparation, network design, model training and validation, as well as 
salaries for a team of three engineers, was estimated at approximately 
61 500 e over a six-month period. This figure is based on the average 
annual salary for a Machine Learning Engineer in Spain, which is 
around 41 000 €2.

Another example is TransAttUnet [33], a U-Net variant enhanced 
with multi-level attention and transformer-based modules for medical 
image segmentation. The model was trained on 4255 images compiled 
from multiple public datasets, including ISIC-2018 [40], JSRT [41], 
Montgomery [32], NIH [42], Clean-CC-CCII [43], Bowl [44], and 
GLaS [45]. Training was performed over 100 epochs using a batch size 
of four and a learning rate of 0.0001, on an NVIDIA Titan XP GPU. 
With a development team comprising five engineers, the total project 
expenditure was estimated at 102 500 € for a six-month duration, based 
on the same average salary benchmark.

A further case is a lung CT segmentation method built upon 
the Mask R-CNN framework [46], which was trained on a dataset 
comprising 1265 annotated images. Model training was carried out on 
an NVIDIA GTX 1050 Ti GPU.

The overall project cost was estimated at 101 600 € over a six-month 
period, reflecting the high expenses often linked to extended training 
cycles and the tuning of hyperparameters. Assuming a team of four 
engineers, personnel costs alone would account for approximately 
82 000 €, based on the average salary reference cited earlier. DS-
TransUNet [47], a residual U-Net architecture tailored for medical 
image segmentation tasks, was trained using a combination of the 
LUNA, VESSEL12 [48], and HUG-ILD [49] datasets, totaling 11 325 
images. The model underwent training for 50 epochs with a batch size 
of eight and a learning rate of 0.0001, using an NVIDIA GTX 1060 
GPU. The development effort engaged a team of six engineers, with 
estimated personnel expenses reaching 123 000 € over a six-month 
period, according to the previously noted salary benchmark.

Moreover, the time required to achieve functional results is 
considerable. Training and refining foundational models, such as 
SAM, demands a large number of GPUs and extensive datasets to reach 
optimal performance. For instance, MedSAM, the SAM fine-tuned 
model for medical applications, utilized 20 NVIDIA A100 GPUs for 
distributed training [37]. MedSAM was trained on a large-scale dataset 
comprising over 1.57 million image-mask pairs spanning multiple 
imaging modalities and anatomical structures. This dataset was 
curated by aggregating images from publicly available medical image 
segmentation resources. The time required to assemble the source 
datasets and to construct the dataset used for MedSAM represents a 
substantial investment in data curation and preprocessing, including 
tasks such as harmonizing formats, annotating structures, and 
standardizing intensity ranges. This setup underscores the challenges 
of resource allocation and highlights the importance of optimizing 
efficiency in segmentation model development.

2 https://www.glassdoor.es/Sueldos/spain-machine-learning-engineer-sueldo-
SRCH_IL.0,5_IN219_KO6,31.htm, accessed on 23 April 2025.

(a) Coronacases SAM Score 
evolution.

(b) Radiopaedi SAM Score
evolution.

(c) Montgomery SAM Score 
evolution.

(d) Amos  (spleen) SAM Score 
evolution.

Fig. 8. SAM Score evolution over time for each dataset.
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These prior efforts illustrate the considerable computational load, 
extensive data requirements, and high financial investment typically 
involved in training medical image segmentation models. In contrast, 
our proposed methodology capitalizes on pretrained segmentation 
models and advanced prompting techniques, substantially lowering 
both computational and development overhead. Instead of building 
complex architectures from the ground up, we focus on efficient 
adaptation strategies that reduce GPU usage and eliminate the 
need for large-scale dataset assembly. Moreover, updating to newer 
versions of SAM or switching to a different foundation model is more 
straightforward than fine-tuning the model itself. This approach 
presents a cost-effective, scalable, and accessible solution for advancing 
medical image segmentation.

I.	 Ceiling
As demonstrated, using GAs to explore the space of possible 

prompts in search of optimal values achieves its goal. This combination 
of techniques leaves SAM even closer to the state of the art than our 
previous work. These results justify the use of combinations between 
foundation models and improvements that do not alter those models, 
making results close to the state of the art available to those who 
cannot afford to develop their models or alter them with expensive 
techniques.

However, the results confirm a performance ceiling: as seen 
in Fig. 4 and Fig. 8, the optimization quickly reaches an asymptote 
beyond which no further improvement is observed. From iteration 
6000 onwards, there is no significant improvement in any of the 
experiments.

VI.	Threats and Limitations

While introducing a novel approach for optimizing the 
segmentation of medical images with SAM using GAs, this study 
has several limitations. We distinguish here between internal validity 
threats, which concern the soundness of the conclusions drawn within 
the context of the study, and external validity threats, which relate to 
the generalizability of the findings beyond the study setting. These 
limitations highlight future research directions to strengthen and 
broaden the applicability of the presented findings.

A.	Internal Validity Threats
Dataset selection bias. The use of datasets containing COVID-19 

lesions introduces potential biases. Although the presence of these 
lesions does not appear to meaningfully affect the results, the reliance 
on such specific datasets may limit the robustness of the conclusions 
within this context. Future work should validate the approach on a 
wider range of lung conditions to confirm its reliability.

Prompt configuration bias. We employed a single, albeit 
effective, prompt configuration (a bounding box with two positive and 
one negative point), determined by our algorithm following predefined 
criteria. While this configuration proved successful and was verified 
visually, the study does not explore alternative prompt configurations. 
This may introduce biases related to prompt selection and limit the 
internal validity of conclusions about the method’s adaptability.

B.	External Validity Threats
Organ-specific focus. The study’s focus on lung and spleen 

segmentation may restrict the generalizability of its findings to 
other anatomical structures. Although this focus allows a fair 
comparison with prior work, the applicability of the proposed 
approach to additional organs remains untested and should be 
addressed in future research.

Clinical setting generalizability. The results were obtained under 
controlled experimental conditions and may not directly translate to 
diverse clinical settings or imaging devices. Future studies should 
examine the method’s performance across different institutions, 
populations, and imaging protocols to strengthen external validity.

VII.	Conclusion

This study explores the potential of enhancing SAM by Meta for 
medical image segmentation using GAs. Our results demonstrate 
that integrating GAs significantly improves SAM’s segmentation 
accuracy, achieving results closer to state-of-the-art performance 
on both axial lung CT scans and frontal chest X-ray datasets. This 
improvement is achieved without requiring retraining or modifying 
SAM’s architecture, highlighting its potential for cost-effective and 
accessible medical image analysis.

However, our analysis also reveals a performance ceiling for this 
optimization technique, beyond which further improvement through 
genetic algorithm iterations becomes negligible. This result emphasizes 
the importance of exploring alternative optimization strategies and 
hybrid approaches to further bridge the gap between foundation and 
specialized segmentation models.

Future research should investigate the generalizability of 
our proposed approach to other organ segmentation tasks and 
diverse clinical datasets. Additionally, exploring different prompt 
configurations and incorporating expert-in-the-loop refinement 
strategies could further enhance the accuracy and robustness of 
this framework for real-world clinical applications. In addition to 
GAs, other optimization techniques could be explored and their 
suitability evaluated for this task. Potential alternatives include other 
evolutionary algorithms such as differential evolution; machine 
learning approaches, such as reinforcement learning; stochastic 
optimization methods like simulated annealing; swarm intelligence 
techniques, including particle swarm and ant colony optimization; or 
even custom metaheuristics designed ad hoc for this specific problem. 
While our method demonstrates strong performance in optimizing 
SAM segmentations through prompt evolution, future work could 
explore comparisons with fine-tuned segmentation models. Developing 
compatible evaluation strategies could offer valuable insights into the 
relative benefits of prompt tuning versus model fine-tuning in medical 
imaging applications, as well as how effectively both approaches 
can be combined. Despite its limitations, this study underscores the 
promising potential of combining foundation models with intelligent 
optimization techniques to democratize access to cutting-edge medical 
image analysis tools. Although this is a promising step, further 
research is needed.
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