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Abstract

The rapid advancement of vision foundation models has opened new horizons for zero-shot
image segmentation, enabling intelligent diagnostic systems to operate without task-specific
labeled training data. This paper presents a comprehensive systems-level analysis of
integrating such models into diagnostic pipelines, with a focus on architectural trade-offs,
deployment infrastructure, robustness, fairness, and governance. We examine how large-scale
pretrained models, particularly those based on contrastive language-image pretraining and
promptable segmentation, can be adapted to medical, industrial, and environmental
diagnostics. The analysis reveals that while zero-shot segmentation offers unprecedented
flexibility and generalization, it introduces significant challenges related to computational
sustainability, domain adaptation, and equitable performance across diverse populations.
Through cross-domain case illustrations, we compare zero-shot approaches with traditional
fine-tuned methods, highlighting structural implications for system design and policy. We
further discuss the need for transparent accountability frameworks and regulatory alignment,
especially in high-stakes diagnostic contexts. The paper concludes by outlining future
research directions that prioritize robustness, interpretability, and inclusive deployment,
emphasizing that the successful integration of vision foundation models into diagnostic
systems requires not only technical innovation but also careful institutional governance.
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1. Introduction

Intelligent diagnostic systems increasingly rely on image segmentation to isolate regions of
interest, measure anomalies, and support decision-making. Traditional segmentation pipelines
require large annotated datasets for each new task, a bottleneck that limits scalability and
responsiveness to emerging diagnostic needs. Vision foundation models pretrained on vast
and diverse image-text corpora have demonstrated remarkable zero-shot transfer capabilities,
enabling segmentation without any task-specific fine-tuning. This paradigm shift promises to
reduce annotation costs, accelerate deployment, and improve adaptability across clinical
specialties, industrial inspection modalities, and environmental monitoring tasks. However,
the integration of such models into operational diagnostic systems raises complex systems-
level questions that extend beyond model accuracy.



The present paper adopts a systems-oriented perspective, examining vision foundation models
not as isolated algorithms but as components embedded within larger socio-technical
infrastructures. We consider the architectural design choices that govern how these models
interact with data pipelines, human experts, and regulatory bodies. We also analyze trade-offs
between generalization and specialization, computational resource demands, and the
resilience of zero-shot performance under distribution shifts. Furthermore, we address the
often-overlooked dimensions of fairness and governance, asking how model biases inherited
from pretraining data propagate into diagnostic outputs and what mechanisms can ensure
equitable outcomes. By situating zero-shot segmentation within the broader context of
intelligent diagnostic systems, we aim to provide researchers, engineers, and policy-makers
with a structured framework for evaluating and implementing these powerful yet complex
tools.

2. Background and Related Work

Vision foundation models represent a class of neural architectures pretrained on extremely
large and heterogeneous visual datasets, often with language supervision. The contrastive
language-image pretraining (CLIP) model aligned image and text embeddings in a shared
space, enabling zero-shot classification and retrieval [1]. Subsequent works extended this
paradigm to segmentation, most notably through the Segment Anything Model (SAM), which
introduced a promptable segmentation framework capable of generating masks for arbitrary
objects without fine-tuning [2]. SAM's architecture combines a heavyweight image encoder
with a lightweight prompt encoder and mask decoder, allowing flexible interaction via points,
boxes, or text. Other approaches, such as the OpenSeeD model, unified open-vocabulary
detection and segmentation using joint text-image training [3]. Meanwhile, DINOv2
demonstrated self-supervised learning of visual features that transfer well to dense prediction
tasks including segmentation [4].

Zero-shot segmentation has been explored in several diagnostic domains. In medical imaging,
researchers applied CLIP-based models to segment pathological regions in chest X-rays and
retinal fundus images, achieving competitive performance against fully supervised baselines
for certain tasks [5]. Industrial defect detection has also benefited, with zero-shot models
identifying anomalies in manufacturing visual inspections without task-specific training data
[6]. Remote sensing diagnostics have used foundation models to segment land cover types
and disaster damage from satellite imagery [7]. Despite these successes, systematic
evaluations reveal performance degradation when the target domain diverges significantly
from the pretraining distribution, particularly for rare pathologies or non-standard imaging
protocols [8].

Several surveys have catalogued the landscape of foundation models for vision, emphasizing
their potential and limitations [9]. The Segment Anything Model, in particular, catalyzed a
wave of research into prompt engineering, mask quality, and integration into larger systems
[10]. However, less attention has been paid to the system-level implications of deploying such
models in real-world diagnostic contexts, including latency constraints, data privacy, and the
need for explainable outputs. This paper aims to fill that gap by providing an integrative
analysis that bridges model capabilities with operational and governance requirements.

3. System Architecture and Design Trade-offs

Integrating a vision foundation model into an intelligent diagnostic system requires careful
architectural decisions that balance accuracy, latency, flexibility, and resource consumption.



At the core of most zero-shot segmentation systems lies a frozen or minimally adapted image
encoder, such as a Vision Transformer (ViT), pretrained on hundreds of millions of images.
The encoder produces dense feature maps that are then used by a prompt decoder to generate
masks. A fundamental trade-off arises between the encoder's capacity and the computational
cost of inference. Larger encoders, such as ViT-Huge, yield higher segmentation fidelity but
demand intensive GPU memory and processing time, which can be prohibitive for real-time
diagnostic applications in clinical settings [11]. Smaller encoders, while faster, may fail to
capture fine-grained anatomical or defect details, leading to missed diagnoses.

Another architectural consideration is the design of the prompting interface. In diagnostic
systems, prompts can take various forms: bounding boxes drawn by a clinician, text
descriptions of target structures, or automated point selections from a pre-screening algorithm.
Each prompt modality imposes different demands on the model. Text prompts are the most
user-friendly but require that the target concept be present in the pretraining vocabulary; rare
medical terms or industry-specific jargons may not be well represented, resulting in poor
segmentation [12]. Box prompts offer spatial precision but require manual annotation, partly
defeating the goal of zero-shot automation. A systems architect must therefore decide on the
optimal prompt strategy based on the workflow and expertise of end-users. Hybrid
approaches that combine weak text descriptions with a few automatic point clicks may offer a
compromise.

The segmentation output must then be fed into downstream diagnostic decision modules. This
integration introduces further architectural choices. For instance, the raw mask can be post-
processed to extract morphological features such as area, perimeter, or texture, which are then
input to a classifier. The detection of false positives or false negatives becomes critical, as
zero-shot models may produce spurious masks for non-target objects. A confidence
thresholding mechanism, potentially calibrated on a small validation set from the deployment
site, is often required. The overall system architecture thus becomes a pipeline of model
inference, post-processing, and decision logic, with feedback loops for human-in-the-loop
verification. The latency of this pipeline must be matched to the diagnostic context: a
radiologist reviewing a scan may tolerate a few seconds, but a real-time industrial inspection
system may demand sub-second throughput.

4. Deployment and Infrastructure Considerations

Deploying vision foundation models at scale presents formidable infrastructure challenges.
The memory footprint of a full ViT-H SAM encoder exceeds two gigabytes, and inference on
a high-resolution medical image may require tens of billions of floating-point operations.
Cloud-based deployment with GPU accelerators can meet these demands but introduces
network latency and data privacy concerns, especially when handling protected health
information. Edge deployment, on the other hand, reduces latency and keeps data local, but
requires model compression techniques such as quantization, pruning, or knowledge
distillation [13]. These compression methods often degrade segmentation accuracy, and the
magnitude of degradation varies across diagnostic tasks. A systematic assessment of
accuracy-latency trade-offs is therefore essential for each deployment context.

Sustainability is another critical infrastructure dimension. The energy consumption of large
foundation model inference is non-negligible; running SAM on a single medical image can
consume several joules, multiplied by the throughput of a hospital radiology department. As
diagnostic AI becomes pervasive, the cumulative carbon footprint may become significant.
Strategies such as model caching, batch processing, and dynamic power scaling can mitigate



the impact, but these require intelligent scheduling and resource management frameworks.
Moreover, the life-cycle sustainability of the entire system, including the energy expended
during pretraining, must be accounted for in any responsible deployment plan.

Data governance also intersects with infrastructure. The pretraining datasets for foundation
models often contain images scraped from the internet, raising questions about consent,
copyright, and representation. Deploying these models in diagnostic contexts may
inadvertently encode biases present in the training data. For example, a model pretrained on
predominantly Western skin tones may underperform on darker skin tones, leading to
diagnostic disparities [14]. Infrastructure must therefore include mechanisms for local fine-
tuning or adaptation, which again requires labeled data from the target population, partially
undermining the zero-shot premise. A pragmatic approach is to establish a small
representative validation set for each deployment site and periodically monitor performance
across demographic subgroups.

5. Robustness, Fairness, and Governance

Robustness of zero-shot segmentation models to distribution shifts is a key concern for
diagnostic reliability. Foundation models exhibit surprisingly strong generalization to in-
distribution variations, such as different camera angles or lighting conditions, but can fail
catastrophically on out-of-distribution inputs like uncommon disease presentations or imaging
artifacts. Adversarial perturbations, even imperceptible ones, can cause segmentation masks
to change drastically, posing safety risks in autonomous diagnostic systems [15]. Robustness
can be improved through data augmentation during pretraining, test-time adaptation, or
ensemble methods, but each incurs additional computational overhead. In diagnostic contexts,
the cost of a false negative segmentation—missing a tumor or defect—can be high,
necessitating robust validation protocols.

Fairness in diagnostic systems extends beyond algorithmic bias to include equitable access
and outcome. Zero-shot models may perform differently across geographic regions, age
groups, or imaging equipment due to variations in training data composition. For instance, a
model trained on images from high-resource hospitals may struggle with low-field MRI
machines common in rural clinics. Governance frameworks must mandate that diagnostic
systems be evaluated on diverse datasets representative of the intended deployment
populations. Regulatory bodies, such as the U.S. Food and Drug Administration for medical
devices, are beginning to require subgroup analyses for AI-based diagnostics [16]. However,
the zero-shot nature complicates validation because the model may not have been designed
for a specific population. A governance framework that treats zero-shot models as a distinct
product category with tailored pre-market and post-market surveillance requirements is
needed.

Policy implications also include the transparency of decision-making. Segmentation masks
are often used as inputs to subsequent diagnostic algorithms, creating a chain of automated
decisions. If a zero-shot model produces an erroneous mask, the downstream diagnostic
conclusion may be flawed, yet tracing the error source can be difficult. Explainability
techniques, such as attention maps or feature attribution, can help but are not yet mature for
dense prediction tasks. Governance policies should require that diagnostic systems employing
zero-shot segmentation incorporate human oversight and that the limitations of the model are
clearly communicated to end-users. The European Union's proposed Artificial Intelligence
Act classifies medical AI as high-risk, imposing requirements for transparency, human



oversight, and robustness [17]. Such regulations will shape the adoption of zero-shot
segmentation in diagnostic systems.

6. Case Illustrations and Cross-Domain Comparisons

To illustrate the trade-offs discussed, we examine three diagnostic domains: medical imaging,
industrial non-destructive testing, and environmental monitoring. In medical imaging, zero-
shot segmentation using SAM has been applied to segment organs and lesions in CT and MRI
scans. Comparative studies show that while SAM achieves high Dice scores on common
structures like the liver and kidney, its performance on small or low-contrast pathologies,
such as microcalcifications in mammography, often falls below that of a fine-tuned U-Net
[18]. The zero-shot advantage is greatest when annotated data are scarce, but for well-
established diagnostic tasks with abundant labeled data, fine-tuned models still prevail. The
operational trade-off is between the flexibility to handle novel queries (e.g., a rare tumor type)
and the accuracy on routine tasks.

In industrial diagnostics, zero-shot segmentation is used to detect surface defects on
manufactured parts, such as scratches, cracks, or dents. The visual variability across products
and lighting conditions is high, making it costly to collect labeled defects for each production
line. SAM-based systems have shown promise in segmenting defects from a few hand-drawn
box prompts [19]. However, false positive rates can be high because the model segments any
object-like region, including benign textures. Robustness to domain shift is a critical concern:
a model trained on one factory's camera setup may not transfer to another's. Cross-domain
comparisons suggest that lightweight domain adaptation, such as fine-tuning the mask
decoder on a handful of images from the new line, significantly improves performance
without losing zero-shot capability for other defects.

Environmental monitoring applications include segmenting deforestation, urban sprawl, or
flood extent from satellite imagery. Foundation models pretrained on natural scenes can
segment water bodies and vegetation with reasonable accuracy out of the box [20]. Yet,
spectral bands used in satellite imagery (e.g., near-infrared) are underrepresented in typical
pretraining data, leading to suboptimal performance on vegetation health indices. A
comparison with domain-specific models (e.g., trained on Sentinel-2 data) reveals that zero-
shot segmentation underestimates subtle changes. The sustainability dimension is prominent
here, as running large models on satellite image cubes can be energy-intensive; optimized
encoders designed for remote sensing have emerged as a more practical alternative [21].
Across all domains, the lesson is that zero-shot segmentation is most beneficial as a fallback
or exploration tool, but for production diagnostics, a hybrid approach combining foundation
model features with lightweight task-specific heads often achieves the best balance of
flexibility and accuracy.

7. Future Directions and Policy Implications

The trajectory of vision foundation models continues toward larger scale and multimodal
integration. Future models will likely incorporate video, 3D data, and explicit reasoning,
enabling even richer diagnostic capabilities. However, systems researchers must concurrently
develop infrastructure that can host these models efficiently, including federated learning
frameworks that allow privacy-preserving adaptation across institutions [22]. The trend
toward model-as-a-service, where segmentation is accessed via an API, raises questions about
vendor lock-in, cost accessibility, and standardization. Policy-makers should consider
establishing open benchmarks and certification standards for zero-shot diagnostic



segmentation, analogous to the Medical Image Computing and Computer-Assisted
Intervention (MICCAI) challenges, but focused on generalization and fairness.

Governance must also address the accountability gap when a zero-shot model generates an
erroneous diagnosis. Current liability frameworks typically assign responsibility to the
manufacturer of a medical device, but if the model is provided as a cloud service that can be
updated without notice, tracing causality becomes complex. Transparent documentation of
model capabilities, known failure modes, and intended use must be mandated. The concept of
a model card, originally proposed for machine learning models in general [23], should be
tailored for diagnostic systems to include domain-specific performance metrics, calibration
slopes, and subgroup fairness audits.

Finally, the sustainability of large-scale foundation models cannot be ignored. The carbon
footprint of pretraining a single SAM-equivalent model can exceed that of a transatlantic
flight [24]. Incentives for green AI, such as efficiency metrics in academic review processes
and grant funding for compressed architectures, are necessary to align research incentives
with environmental responsibility. Policy interventions could include requiring energy
reporting for all diagnostic AI systems deployed in public health infrastructure. The future of
zero-shot segmentation in diagnostics depends not only on model breakthroughs but on a
coherent ecosystem of infrastructure, governance, and sustainability that ensures these
powerful tools serve equitably and responsibly.

8. Conclusion

Zero-shot image segmentation using vision foundation models offers transformative potential
for intelligent diagnostic systems by reducing dependence on annotated data and enabling
rapid adaptation to novel diagnostic tasks. This paper has examined the integration from a
systems-level perspective, highlighting the architectural trade-offs between model capacity
and inference efficiency, the infrastructure challenges of deployment and sustainability, and
the critical dimensions of robustness, fairness, and governance. Cross-domain case studies in
medical, industrial, and environmental diagnostics illustrate that while zero-shot segmentation
excels in flexibility, it often requires complementary fine-tuned components for high-stakes
accuracy. Policy frameworks must evolve to address the unique accountability and
transparency challenges posed by these models, and the AI community must prioritize
sustainable and equitable development. As foundation models continue to advance, their
successful adoption in intelligent diagnostic systems will depend on a holistic approach that
balances technical innovation with ethical and institutional considerations.
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Abstract

36. The rapid advancement of vision foundation models has opened new horizons for zero-
shot image segmentation, enabling intelligent diagnostic systems to operate without task-
specific labeled training data. This paper presents a comprehensive systems-level
analysis of integrating such models into diagnostic pipelines, with a focus on
architectural trade-offs, deployment infrastructure, robustness, fairness, and governance.
We examine how large-scale pretrained models, particularly those based on contrastive
language-image pretraining and promptable segmentation, can be adapted to medical,
industrial, and environmental diagnostics. The analysis reveals that while zero-shot
segmentation offers unprecedented flexibility and generalization, it introduces significant
challenges related to computational sustainability, domain adaptation, and equitable
performance across diverse populations. Through cross-domain case illustrations, we
compare zero-shot approaches with traditional fine-tuned methods, highlighting
structural implications for system design and policy. We further discuss the need for
transparent accountability frameworks and regulatory alignment, especially in high-
stakes diagnostic contexts. The paper concludes by outlining future research directions
that prioritize robustness, interpretability, and inclusive deployment, emphasizing that
the successful integration of vision foundation models into diagnostic systems requires
not only technical innovation but also careful institutional governance.
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Introduction

38. Intelligent diagnostic systems increasingly rely on image segmentation to isolate regions
of interest, measure anomalies, and support decision-making. Traditional segmentation
pipelines require large annotated datasets for each new task, a bottleneck that limits
scalability and responsiveness to emerging diagnostic needs. Vision foundation models
pretrained on vast and diverse image-text corpora have demonstrated remarkable zero-
shot transfer capabilities, enabling segmentation without any task-specific fine-tuning.
This paradigm shift promises to reduce annotation costs, accelerate deployment, and
improve adaptability across clinical specialties, industrial inspection modalities, and
environmental monitoring tasks. However, the integration of such models into
operational diagnostic systems raises complex systems-level questions that extend
beyond model accuracy.

39. The present paper adopts a systems-oriented perspective, examining vision foundation
models not as isolated algorithms but as components embedded within larger socio-
technical infrastructures. We consider the architectural design choices that govern how
these models interact with data pipelines, human experts, and regulatory bodies. We also
analyze trade-offs between generalization and specialization, computational resource
demands, and the resilience of zero-shot performance under distribution shifts.
Furthermore, we address the often-overlooked dimensions of fairness and governance,
asking how model biases inherited from pretraining data propagate into diagnostic
outputs and what mechanisms can ensure equitable outcomes. By situating zero-shot
segmentation within the broader context of intelligent diagnostic systems, we aim to
provide researchers, engineers, and policy-makers with a structured framework for
evaluating and implementing these powerful yet complex tools.

Background and Related Work

40. Vision foundation models represent a class of neural architectures pretrained on extremely
large and heterogeneous visual datasets, often with language supervision. The contrastive
language-image pretraining (CLIP) model aligned image and text embeddings in a
shared space, enabling zero-shot classification and retrieval [1]. Subsequent works
extended this paradigm to segmentation, most notably through the Segment Anything
Model (SAM), which introduced a promptable segmentation framework capable of
generating masks for arbitrary objects without fine-tuning [2]. SAM's architecture
combines a heavyweight image encoder with a lightweight prompt encoder and mask
decoder, allowing flexible interaction via points, boxes, or text. Other approaches, such
as the OpenSeeD model, unified open-vocabulary detection and segmentation using joint
text-image training [3]. Meanwhile, DINOv2 demonstrated self-supervised learning of
visual features that transfer well to dense prediction tasks including segmentation [4].

41. Zero-shot segmentation has been explored in several diagnostic domains. In medical
imaging, researchers applied CLIP-based models to segment pathological regions in
chest X-rays and retinal fundus images, achieving competitive performance against fully
supervised baselines for certain tasks [5]. Industrial defect detection has also benefited,
with zero-shot models identifying anomalies in manufacturing visual inspections without



task-specific training data [6]. Remote sensing diagnostics have used foundation models
to segment land cover types and disaster damage from satellite imagery [7]. Despite
these successes, systematic evaluations reveal performance degradation when the target
domain diverges significantly from the pretraining distribution, particularly for rare
pathologies or non-standard imaging protocols [8].

42. Several surveys have catalogued the landscape of foundation models for vision,
emphasizing their potential and limitations [9]. The Segment Anything Model, in
particular, catalyzed a wave of research into prompt engineering, mask quality, and
integration into larger systems [10]. However, less attention has been paid to the system-
level implications of deploying such models in real-world diagnostic contexts, including
latency constraints, data privacy, and the need for explainable outputs. This paper aims to
fill that gap by providing an integrative analysis that bridges model capabilities with
operational and governance requirements.

43. System Architecture and Design Trade-offs

44. Integrating a vision foundation model into an intelligent diagnostic system requires
careful architectural decisions that balance accuracy, latency, flexibility, and resource
consumption. At the core of most zero-shot segmentation systems lies a frozen or
minimally adapted image encoder, such as a Vision Transformer (ViT), pretrained on
hundreds of millions of images [11]. The encoder produces dense feature maps that are
then used by a prompt decoder to generate masks. A fundamental trade-off arises
between the encoder's capacity and the computational cost of inference. Larger encoders,
such as ViT-Huge, yield higher segmentation fidelity but demand intensive GPU
memory and processing time, which can be prohibitive for real-time diagnostic
applications in clinical settings [12]. Smaller encoders, while faster, may fail to capture
fine-grained anatomical or defect details, leading to missed diagnoses.

45. Another architectural consideration is the design of the prompting interface. In diagnostic
systems, prompts can take various forms: bounding boxes drawn by a clinician, text
descriptions of target structures, or automated point selections from a pre-screening
algorithm. Each prompt modality imposes different demands on the model. Text prompts
are the most user-friendly but require that the target concept be part of the pretraining
vocabulary; rare medical terms or industry-specific jargons may not be well represented,
resulting in poor segmentation [13]. Box prompts offer spatial precision but require
manual annotation, partly defeating the goal of zero-shot automation. A systems architect
must therefore decide on the optimal prompt strategy based on the workflow and
expertise of end-users. Hybrid approaches that combine weak text descriptions with a
few automatic point clicks may offer a compromise.

46. The segmentation output must then be fed into downstream diagnostic decision modules.
This integration introduces further architectural choices. For instance, the raw mask can
be post-processed to extract morphological features such as area, perimeter, or texture,
which are then input to a classifier. The detection of false positives or false negatives
becomes critical, as zero-shot models may produce spurious masks for non-target objects.
A confidence thresholding mechanism, potentially calibrated on a small validation set
from the deployment site, is often required. The overall system architecture thus becomes
a pipeline of model inference, post-processing, and decision logic, with feedback loops
for human-in-the-loop verification. The latency of this pipeline must be matched to the



diagnostic context: a radiologist reviewing a scan may tolerate a few seconds, but a real-
time industrial inspection system may demand sub-second throughput.

47. Deployment and Infrastructure Considerations

48. Deploying vision foundation models at scale presents formidable infrastructure challenges.
The memory footprint of a full ViT-H SAM encoder exceeds two gigabytes, and
inference on a high-resolution medical image may require tens of billions of floating-
point operations. Cloud-based deployment with GPU accelerators can meet these
demands but introduces network latency and data privacy concerns, especially when
handling protected health information. Edge deployment, on the other hand, reduces
latency and keeps data local, but requires model compression techniques such as
quantization, pruning, or knowledge distillation [14]. These compression methods often
degrade segmentation accuracy, and the magnitude of degradation varies across
diagnostic tasks. A systematic assessment of accuracy-latency trade-offs is therefore
essential for each deployment context.

49. Sustainability is another critical infrastructure dimension. The energy consumption of
large foundation model inference is non-negligible; running SAM on a single medical
image can consume several joules, multiplied by the throughput of a hospital radiology
department [15]. As diagnostic AI becomes pervasive, the cumulative carbon footprint
may become significant. Strategies such as model caching, batch processing, and
dynamic power scaling can mitigate the impact, but these require intelligent scheduling
and resource management frameworks. Moreover, the life-cycle sustainability of the
entire system, including the energy expended during pretraining, must be accounted for
in any responsible deployment plan.

50. Data governance also intersects with infrastructure. The pretraining datasets for
foundation models often contain images scraped from the internet, raising questions
about consent, copyright, and representation. Deploying these models in diagnostic
contexts may inadvertently encode biases present in the training data. For example, a
model pretrained on predominantly Western skin tones may underperform on darker skin
tones, leading to diagnostic disparities [16]. Infrastructure must therefore include
mechanisms for local fine-tuning or adaptation, which again requires labeled data from
the target population, partially undermining the zero-shot premise. A pragmatic approach
is to establish a small representative validation set for each deployment site and
periodically monitor performance across demographic subgroups.

51. Robustness, Fairness, and Governance

52. Robustness of zero-shot segmentation models to distribution shifts is a key concern for
diagnostic reliability. Foundation models exhibit surprisingly strong generalization to in-
distribution variations, such as different camera angles or lighting conditions, but can fail
catastrophically on out-of-distribution inputs like uncommon disease presentations or
imaging artifacts. Adversarial perturbations, even imperceptible ones, can cause
segmentation masks to change drastically, posing safety risks in autonomous diagnostic
systems [17]. Robustness can be improved through data augmentation during pretraining,
test-time adaptation, or ensemble methods, but each incurs additional computational
overhead. In diagnostic contexts, the cost of a false negative segmentation—missing a
tumor or defect—can be high, necessitating robust validation protocols.



53. Fairness in diagnostic systems extends beyond algorithmic bias to include equitable
access and outcome. Zero-shot models may perform differently across geographic
regions, age groups, or imaging equipment due to variations in training data composition.
For instance, a model trained on images from high-resource hospitals may struggle with
low-field MRI machines common in rural clinics. Governance frameworks must mandate
that diagnostic systems be evaluated on diverse datasets representative of the intended
deployment populations. Regulatory bodies, such as the U.S. Food and Drug
Administration for medical devices, are beginning to require subgroup analyses for AI-
based diagnostics [18]. However, the zero-shot nature complicates validation because the
model may not have been designed for a specific population. A governance framework
that treats zero-shot models as a distinct product category with tailored pre-market and
post-market surveillance requirements is needed.

54. Policy implications also include the transparency of decision-making. Segmentation
masks are often used as inputs to subsequent diagnostic algorithms, creating a chain of
automated decisions. If a zero-shot model produces an erroneous mask, the downstream
diagnostic conclusion may be flawed, yet tracing the error source can be difficult.
Explainability techniques, such as attention maps or feature attribution, can help but are
not yet mature for dense prediction tasks. Governance policies should require that
diagnostic systems employing zero-shot segmentation incorporate human oversight and
that the limitations of the model are clearly communicated to end-users. The European
Union's proposed Artificial Intelligence Act classifies medical AI as high-risk, imposing
requirements for transparency, human oversight, and robustness [19]. Such regulations
will shape the adoption of zero-shot segmentation in diagnostic systems.

55. Case Illustrations and Cross-Domain Comparisons

56. To illustrate the trade-offs discussed, we examine three diagnostic domains: medical
imaging, industrial non-destructive testing, and environmental monitoring. In medical
imaging, zero-shot segmentation using SAM has been applied to segment organs and
lesions in CT and MRI scans. Comparative studies show that while SAM achieves high
Dice scores on common structures like the liver and kidney, its performance on small or
low-contrast pathologies, such as microcalcifications in mammography, often falls below
that of a fine-tuned U-Net [20]. The zero-shot advantage is greatest when annotated data
are scarce, but for well-established diagnostic tasks with abundant labeled data, fine-
tuned models still prevail. The operational trade-off is between the flexibility to handle
novel queries (e.g., a rare tumor type) and the accuracy on routine tasks.

57. In industrial diagnostics, zero-shot segmentation is used to detect surface defects on
manufactured parts, such as scratches, cracks, or dents. The visual variability across
products and lighting conditions is high, making it costly to collect labeled defects for
each production line. SAM-based systems have shown promise in segmenting defects
from a few hand-drawn box prompts [21]. However, false positive rates can be high
because the model segments any object-like region, including benign textures.
Robustness to domain shift is a critical concern: a model trained on one factory's camera
setup may not transfer to another's. Cross-domain comparisons suggest that lightweight
domain adaptation, such as fine-tuning the mask decoder on a handful of images from
the new line, significantly improves performance without losing zero-shot capability for
other defects.



58. Environmental monitoring applications include segmenting deforestation, urban sprawl,
or flood extent from satellite imagery. Foundation models pretrained on natural scenes
can segment water bodies and vegetation with reasonable accuracy out of the box [22].
Yet, spectral bands used in satellite imagery (e.g., near-infrared) are underrepresented in
typical pretraining data, leading to suboptimal performance on vegetation health indices.
A comparison with domain-specific models (e.g., trained on Sentinel-2 data) reveals that
zero-shot segmentation underestimates subtle changes. The sustainability dimension is
prominent here, as running large models on satellite image cubes can be energy-intensive;
optimized encoders designed for remote sensing have emerged as a more practical
alternative [23]. Across all domains, the lesson is that zero-shot segmentation is most
beneficial as a fallback or exploration tool, but for production diagnostics, a hybrid
approach combining foundation model features with lightweight task-specific heads
often achieves the best balance of flexibility and accuracy.

59. Future Directions and Policy Implications

60. The trajectory of vision foundation models continues toward larger scale and multimodal
integration. Future models will likely incorporate video, 3D data, and explicit reasoning,
enabling even richer diagnostic capabilities. However, systems researchers must
concurrently develop infrastructure that can host these models efficiently, including
federated learning frameworks that allow privacy-preserving adaptation across
institutions [24]. The trend toward model-as-a-service, where segmentation is accessed
via an API, raises questions about vendor lock-in, cost accessibility, and standardization.
Policy-makers should consider establishing open benchmarks and certification standards
for zero-shot diagnostic segmentation, analogous to the Medical Image Computing and
Computer-Assisted Intervention (MICCAI) challenges, but focused on generalization
and fairness.

61. Governance must also address the accountability gap when a zero-shot model generates an
erroneous diagnosis. Current liability frameworks typically assign responsibility to the
manufacturer of a medical device, but if the model is provided as a cloud service that can
be updated without notice, tracing causality becomes complex. Transparent
documentation of model capabilities, known failure modes, and intended use must be
mandated. The concept of a model card, originally proposed for machine learning models
in general [25], should be tailored for diagnostic systems to include domain-specific
performance metrics, calibration slopes, and subgroup fairness audits.

62. Finally, the sustainability of large-scale foundation models cannot be ignored. The carbon
footprint of pretraining a single SAM-equivalent model can exceed that of a transatlantic
flight [26]. Incentives for green AI, such as efficiency metrics in academic review
processes and grant funding for compressed architectures, are necessary to align research
incentives with environmental responsibility. Policy interventions could include
requiring energy reporting for all diagnostic AI systems deployed in public health
infrastructure. The future of zero-shot segmentation in diagnostics depends not only on
model breakthroughs but on a coherent ecosystem of infrastructure, governance, and
sustainability that ensures these powerful tools serve equitably and responsibly.

Conclusion

63. Zero-shot image segmentation using vision foundation models offers transformative
potential for intelligent diagnostic systems by reducing dependence on annotated data



and enabling rapid adaptation to novel diagnostic tasks. This paper has examined the
integration from a systems-level perspective, highlighting the architectural trade-offs
between model capacity and inference efficiency, the infrastructure challenges of
deployment and sustainability, and the critical dimensions of robustness, fairness, and
governance. Cross-domain case studies in medical, industrial, and environmental
diagnostics illustrate that while zero-shot segmentation excels in flexibility, it often
requires complementary fine-tuned components for high-stakes accuracy. Policy
frameworks must evolve to address the unique accountability and transparency
challenges posed by these models, and the AI community must prioritize sustainable and
equitable development. As foundation models continue to advance, their successful
adoption in intelligent diagnostic systems will depend on a holistic approach that
balances technical innovation with ethical and institutional considerations.
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