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Abstract: Image retargeting is a common computer graphics task which involves manipulating the
size or aspect ratio of an image. This task often presents a challenge to the artist or user, because
manipulating the size of an image necessitates some degree of data loss as pixels need to be removed to
accommodate a different image size. We present an image retargeting framework which implements
a confidence map generated by a segmentation model for content-aware resizing, allowing users
to specify which subjects in an image to preserve using natural language prompts much like the
role of an art director conversing with their artist. Using computer vision models to detect object
positions also provides additional control over the composition of the retargeted image at various
points in the image-processing pipeline. This object-based approach to energy map augmentation
is incredibly flexible, because only minor adjustments to the processing of the energy maps can
provide a significant degree of control over where seams—paths of pixels through the image—are
removed, and how seam removal is prioritized in different sections of the image. It also provides
additional control with techniques for object and background separation and recomposition. This
research explores how several different types of deep-learning models can be integrated into this
pipeline in order to easily make these decisions, and provide different retargeting results on the same
image based on user input and compositional considerations. Because this is a framework based
on existing machine-learning models, this approach will benefit from advancements in the rapidly
developing fields of computer vision and large language models and can be extended for further
natural language directorial controls over images.

Keywords: computational photography; artificial intelligence; image composition

1. Introduction

Image resizing, or retargeting, is a fundamental image processing task in the fields
of digital and print media. Despite its importance and popularity, traditional techniques
often struggle to maintain image composition or subject integrity when changing the
aspect ratio of an image. This paper explores methods of integrating deep-learning models
for object detection and image segmentation into the image retargeting pipeline. The
proposed methodology introduces a salience map informed by object and segmentation
data, providing a more conceptually nuanced understanding of images and facilitating
improved control over final image composition. Additionally, we incorporate natural
language processing (NLP) models into this pipeline to allow for intuitive interaction,
art-direction, and control over the retargeting process.

This study predominantly focuses on seam carving as a basis for content-aware
retargeting. Seam carving is a naïve pixel-processing technique that aims to remove
the least-noticeable pixels from an image during the retargeting process. This method
was chosen due to its flexibility and popularity, but the fundamental principles can be
extended to other retargeting techniques. We also propose specific implementations of
these hybrid deep-learning approaches, presenting a shift from basic pixel processing to a
more comprehensive, AI-assisted image retargeting.
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Accordingly, this research explores the following:

• The use of computer vision models to generate alternative salience maps for use in
content-aware image retargeting;

• Different methods of generating and integrating those maps into the seam carving
algorithm;

• Possible methods of using machine learning models with semantic image compre-
hension in conjunction with seam carving in order to retarget images with greater
art-directability than existing retargeting methods;

• Use-cases and limitations for the proposed methods.

The initial results of these proposed algorithms demonstrate significant qualitative
improvements over naïve pixel processing approaches to content-aware image retargeting,
most notably in preserving the visual integrity of important or user-specified subjects. This
integration of advanced machine learning techniques in the image retargeting workflow
empowers users with greater control and reduced manual intervention, paving the way for
future exploration and innovation in this field.

2. Background

Image retargeting involves resizing images to meet specific design requirements while
maintaining visual quality [1]. Common methods include cropping and scaling. Cropping
removes unwanted sections but may lose important content, while scaling alters the image size,
often leading to artifacts like jagged edges and loss of detail [2]. Image retargeting involves
resizing images to meet specific design requirements while maintaining visual quality.

One approach to addressing this problem is through content-aware image retargeting
techniques, which take into consideration the visual features and salient regions of the
image when performing resizing operations [3]. These methods analyze the image content
to identify areas of importance, such as edges, textures, and semantic objects, and prioritize
their preservation during the retargeting process. By focusing on preserving the most
visually significant elements, content-aware techniques can minimize the impact of data
loss on the overall visual perception of the final image.

This desired directing of data loss can be achieved by computing the areas of an image
that have the least impact on the visual perception of the image and removing image data
from those locations [3]. The idea that some parts of an image are more noticeable to the
human eye than others is known as visual salience. This can refer to image features, objects,
and compositional elements.

The basic seam carving algorithm operates under the rule that harder edges—edges in
an image with higher contrast—are more salient than soft edges or areas with no edges [4].
This salience model generates an energy map in which pixel groups with higher contrast
edges are assigned a higher energy value, and are considered to be of greater visual salience.

Seam carving is therefore a retargeting method that leverages a contrast-based salience
model to remove the lowest-contrast pixel groups from an image. It was first proposed in
the paper “Seam Carving for Content-Aware Image Resizing” [4] and is a content-aware
alternative to traditional image retargeting approaches such as cropping and scaling.

Other models of computing salience are used as well. A human-attention model
has been proposed, where a complex set of rules was developed that accounted for color,
orientation, direction of movement, and other compositional features, in order to determine
the areas of an image that are associated with heightened visual attention [5].

Another popular salience metric is depth, assuming that parts of a composition that
are in the foreground are more salient than parts of an image that are in the background [6].
Metrics such as depth data have been proven useful in improving the quality of image
retargeting output; however, it is important to note that the requirement of depth data,
whether acquired from specialized depth-sensing cameras or manually assigned through
masks [7], can pose limitations in terms of data acquisition and annotation efforts. While
there is increased capacity for consumer-grade devices to record depth data, these data are
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not frequently captured and recorded in images that are shared across platforms, and many
users do not use depth recording functionality unless they are advanced technical users [6].

An alternative energy function implementation called forward-energy has been pro-
posed, deviating from the conventional approach of removing the seam with the lowest
energy. Instead, the forward-energy function focuses on identifying the seam that results in
the minimal overall change in energy across the image [8].

The forward-energy function offers a different approach to seam removal, aiming to
minimize the disruption and distortion caused by the seam removal process. By considering
the cumulative energy change along the path of a seam, this alternative approach attempts
to better prioritize the preservation of image content and structure. By removing seams that
cause the least disturbance to the image energy, the forward-energy function seeks to achieve
a resizing result with reduced distortion and enhanced visual quality in certain scenarios.

While the forward-energy function proves to be successful in reducing distortion in
some use cases, it does not universally outperform the traditional energy-based approach.
The effectiveness of the forward-energy function is influenced by various factors, such as
the image content, the specific resizing requirements, and the characteristics of the energy
distribution within the image [8].

The primary idea behind seam carving is that an image can be resized by removing
or adding a seam anywhere in the image, where a seam is an 8-connected path of pixels
across the width or height of the image [4]. Detecting the optimal seam to remove is a
fundamental part of the seam carving algorithm. Searching for the seam with the least total
change in value results in a seam that crosses the least salient parts of an image, assuming
that hard edges and high contrast equate to higher salience.

An energy function computes a map of the change in pixel values across an image.
The energy function used in the originally proposed naïve seam carving algorithm [4]

calculates the difference in value from a given pixel x, y and the pixel immediately below
and immediately to the right, with

e1(I) =

∣∣∣∣ ∂

∂x
I
∣∣∣∣+ ∣∣∣∣ ∂

∂y
I
∣∣∣∣

A vertical seam is defined for image I with height n in the following set of pixels:

sx = {sx
i }

n
i=1 = {(x(i), i)}n

i=1, ∀i|x(i)− x(i− 1)| ≤ 1

making the set of pixels in image I comprising seam s

Is = {I(si)}n
i=1

Computing the optimal seam s* that minimizes the energy of the seam across e1(I)
can therefore be found with

s* = min
s

n

∑
i=1

e(I(si)).

Finding the set of k lowest cost seams results in a set consisting of k optimal seams s*,
where each iteration of sampling removes s* from both I and e1(I), and shifts all pixels that
are to the right of s* one pixel to the left, reducing the image width by one pixel.

This results in an image that is decreased in size by k pixels, but without cropping
or scaling the content (Figure 1). While there are times that cropping or scaling may be
acceptable retargeting methods, seam carving provides a distinctly different third option
that aims to selectively preserve pixel data in areas of higher visual interest. This method of
image retargeting is often effective at resizing images while maintaining the visual integrity
of the subject, but often results in unwanted artifacting and distortion of important image
content (Figure 2).
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Figure 2. Distortions from naïve seam carving, with noticeable distortion in the ibex and the diagonal
lines of the vehicle.

While numerous variations to the seam carving algorithm have been proposed to
resolve these issues, including methods such as the human-attention model [5] and depth-
based salience [6] as described above, these proposed solutions do not take into account
a semantic understanding of the image and its composition, which can allow for more
reliable and art-directable image retargeting.

3. Methods

We propose a set of methodologies for integrating deep-learning frameworks for object
detection and image segmentation into a content-aware retargeting pipeline, with a focus
on energy map augmentation for the seam carving algorithm. Leveraging the capabilities
of these models can allow for the use of high-level image information to better preserve
subjects and provide additional automated control over the retargeted image. In addition,
this method provides the capability of filtering out unwanted objects through natural
language identification, as well as weighting the relative importance of image subjects.
The level of scene comprehension that can be achieved with these advanced deep-learning
computer vision models can also allow for natural-language-driven adjustments to the
composition of the retargeted image.
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3.1. Object Detection and Segmentation

This research utilizes the InceptionResNetV2 network for object detection [9]. This
network uses the Faster R-CNN framework and was authored by researchers at Google in
2016. This architecture was chosen because it is well documented, fast, and reliable, and
has many pre-trained models available. One of the key features of InceptionResNetV2
is its use of “bottleneck” layers, which help to reduce the computational complexity of
the network while preserving its expressive power. This allows for faster training and
inference times, while still maintaining high accuracy [10]. The model that was used in
this research was trained on the Open Images v4 dataset, which contains 600 object classes
across 1.74 million images [11].

CLIPseg is the model that we used for semantic segmentation. It was developed by
researchers at OpenAI in San Francisco in 2021, and it has been shown to achieve impressive
results on a range of image and video understanding tasks. The basic idea behind CLIPseg
is to use a contrastive loss function to learn representations that capture both the semantic
content and spatial layout of objects in an image. These representations can then be used to
perform accurate semantic segmentation, which involves labeling each pixel in the image
with the corresponding object class. This allows for more fine-grained understanding of
image content [12]. The output from CLIPseg is processed to create a grayscale image mask
indicating the confidence that each pixel is part of a given object class.

Three different methods were used to generate confidence maps across the image
processing pipeline with varying degrees of automation and manual control.

The first method (“automated”) is fully automated, using the object detection model
to identify which objects are in the image, and passing those detected classes on to CLIPseg
to create a confidence map for each detected class. CLIPseg then scans the entire image for
each class and returns the segmentations (Figure 3).
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classes using the automated method.

The second method (“bounding box”) is also fully automated, but the object detection
model passes only the bounding box for each detected class to CLIPseg for segmentation
instead of the entire image. This results in a higher resolution confidence map, because
when a smaller image (the area of the image inside the detected bounding box) is converted
to a tensor of the same size as the full image, the smaller image will result in a tensor with
more granular representation. The downside to this approach is that if the detection model
fails to identify all instances of an object class, the segmentation model will completely
ignore it.

The third method bypasses the object detection step and relies on natural language
input, but provides the most control over the result and tends to be the most accurate. With
this method, the user can specify in natural language what classes to segment and how
they should be weighted. A GPT language model such as ChatGPT or GPT-4 [13] is then
used to convert the input to a syntax that is able to be parsed into individual classes and
weights, which are passed on to CLIPseg and later used to adjust the weighting of each
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confidence map (Figure 4). An example of such input would be “Identify cats and dogs in
the image. Dogs should be weighted significantly higher than cats.” This input results in
two confidence maps, one identifying cats and given a weight of 0.2, the other identifying
dogs and given a weight of 1.
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3.2. Processing Segmentation Output

After obtaining separate confidence maps for each detected class from the segmenta-
tion model, some post-processing steps are required to make these maps usable for energy
augmentation. One crucial step is to composite these individual confidence maps into a
single map that represents the overall augmentation map.

The simplest approach to compositing the confidence maps is to take the highest
confidence value at each pixel location across all the individual maps. By selecting the
maximum value, the resulting augmentation map will have the highest confidence value
across all the segmentation classes at each pixel, indicating the presence of the most
confident class in that particular location.

In addition to compositing the maps, it is often desirable to apply a threshold to the
augmentation map. The thresholding process involves setting a minimum confidence
value below which the pixel is considered to be of low confidence. This thresholding step
helps reduce noise in areas of lower confidence, preventing them from unduly influencing
the subsequent energy augmentation. Simultaneously, it enhances the relative efficacy of
high-confidence areas without artificially increasing their weights.

If the size of the tensor used for segmentation is smaller than the size of the original
image, grid-line artifacts may occur due to the size discrepancy. To mitigate these artifacts,
a simple Gaussian blur can be applied across the entire augmentation map. The Gaussian
blur smooths out the confidence values, effectively reducing the visibility of grid-line
artifacts and producing a more visually coherent and seamless augmentation map.

While the described post-processing steps provide a general framework, specific imple-
mentations may vary depending on the requirements of the task and the characteristics of
the segmentation model. With our models, we found that this process of compositing energy
maps, applying a threshold, and then applying a gaussian blur yielded effective results.

3.3. Augmenting Energy Maps

The original e1 energy function can be augmented with the output from the image
segmentation model. Segmentation will output an image map with the confidence for each
pixel mapped to how likely it is that that pixel is a part of the given input image prompt.
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This information can be used to artificially increase the energy of the areas of the image
that are part of an object, with a new energy function:

eaug(I) = ws · confidence(I) +
∣∣∣∣ ∂

∂x
I
∣∣∣∣+ ∣∣∣∣ ∂

∂y
I
∣∣∣∣ = ws · confidence(I) + e1(I)

where w is a weight constant. This augmentation is modeled after other successful adapta-
tions of the e1 energy function for seam carving [14].

Alternatively, element-wise multiplication of the confidence and e1 matrices produces
the Hadamard product of the confidence and energy maps:

edim(I) = confidence(I)�
(∣∣∣∣ ∂

∂x
I
∣∣∣∣+ ∣∣∣∣ ∂

∂y
I
∣∣∣∣) = confidence(I)� e1(I)

This method is less flexible as there is no control over the overall weighting of the
confidence relative to the original energy, but is likely to yield slightly different results.
This method effectively reduces the energy value of any pixel that is less likely to be a part
of an object, and gives more weight to e1 as compared to eaug when ws ≥ 1 (Figure 5).
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shown in Figure 4 (b).

3.4. Introducing Compositional Bias

Object location data can be used to maintain a degree of control over the relative
positioning of objects in the output image by removing seams in quantities proportional to
the space between objects.

This can be accomplished with dynamic programming by restricting the seam search
areas and restricting the number of seams that the algorithm searches for in each area:

Removing k seams from image I of dimensions w × h, where:
I has n detected objects, and each object On has a designated center point Onp.
The set of seams to be removed can be sampled to maintain the relative positioning of

each object in the scene with {S} = ⋃n+1
i=1 Si, where

{S1} = min
s ∑h

i=1 e
(

I0,h;O1P ,h : (si)
)
, a set of the

O1P
w

k lowestenergyseams

{Sn} = min
s ∑h

i=1 e
(
IOnP,h;On+1P,h : (si)

)
, a set of the

On+1P −OnP
w

k lowestenergyseams

{Sn+1} = min
s ∑h

i=1 e
(

IOnP ,h;w,h : (si)
)
, a set of the

w−OnP
w

k lowestenergyseams,

where each iteration of sampling for seams removes sx from I and shifts all pixels to the
right of sx one pixel to the left, reducing the image width by one pixel.

This ensures that each submatrix of image matrix I finds a number of optimal seams
proportional to the size of that submatrix relative to the size of I, with each submatrix being
defined by the positioning of each detected object.
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This method is flexible in that it can be easily adjusted to account for different compo-
sitional considerations. One strong use case is weighing different subsets of S differently to
change the position of objects relative to one another, such as by removing all the space
from between two given objects (Figure 6). The same method can be used to remove objects
from an image using natural language prompts, by assigning sets of seams to be removed
from sections of the image where objects are detected.
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Figure 6. Retargeting an image with clearly defined object placement demonstrates this method
well. Original image (a), the segmentation output overlaid with red lines denoting the edges of each
object’s predicted bounding box (b), and the image retargeted using the above algorithm to maintain
the relative positioning of each object (c). While only the horizontal bounds of objects were calculated
here because only vertical seams were removed, the full bounding box would be required for both
vertical and horizontal retargeting.

3.5. Refined Object Manipulation Control

Another potential advancement in this retargeting workflow involves utilizing more
advanced and accurate segmentation models to separate detected objects from the back-
ground. By applying this approach, each component can be retargeted separately, and the
resulting layers can be composited back together. To address any discrepancies between
the retargeted layers, a generative model can be employed to fill in the remaining spaces.

This approach allows for more precise retargeting by individually handling the objects
and the background, thus avoiding potential distortions caused by retargeting the entire
image as a whole. This segmentation-based workflow enables more localized adjustments
and better preserves the integrity of the objects.

The combination of this segmentation-based retargeting approach with the NLP seg-
mentation workflow adds another layer of automation and convenience. As outlined above,
utilizing NLP models to facilitate the segmentation process provides a more streamlined
and user-friendly workflow. NLP segmentation can automatically identify objects and
provide initial segmentation masks, reducing the manual effort required from the user.

Running this workflow with the recently developed Segment Anything Model (SAM)
yields promising results. The SAM provides accurate and robust segmentation across
any image by using a zero-shot generalization framework that does not require a labeled
training dataset [15]. Because SAM segmentation is not labeled, we can generate initial
lower-accuracy masks with CLIPSeg and use those to isolate the high-accuracy maps from
the SAM output that overlap with the desired prompted regions. This method is similar
to the proof-of-concept text-to-mask method proposed in the initial SAM paper, which
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describes a method of zero-shot text-to-mask segmentation that also operates by extracting
the CLIP embeddings from an image. Although this method is not built into the public
release of the model at this time, the hybrid CLIPSeg to SAM segmentation approach
seems to be effective when used with existing text-to-image models such as DALL-E 2 [16]
(Figure 7).
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Figure 7. Original image (a), retargeted image using naïve seam carving (b), our proposed hybrid
energy method (c), and retargeting the subjects separately from the rest of the image using the
proposed layered method (d). The layered method uses SAM and CLIPSeg to segment the layers, and
DALL-E is used to inpaint the missing areas of overlap. The layered method results in significantly
less distortion to the background, and better preserves the primary subjects in the image.

Considering other compositional features and implementing a hierarchy of object
dominance can further enhance the retargeting approach. Prioritizing different objects
based on their position within an object dominance hierarchy allows for more refined
control over the preservation of objects during the seam carving process.

One way to incorporate object dominance hierarchy is by assigning weights to objects
based on their size and relative brightness [17]. Larger and brighter objects tend to be more
visually dominant and attract greater attention. By calculating weights based on these
factors, the retargeting algorithm can adjust the energy values assigned to seams passing
through different objects.

The weights can be used to influence the energy computation process, making seams
passing through visually dominant objects less likely to be removed compared to seams
passing through less dominant objects. This hierarchical approach ensures that the more
visually significant objects are preserved more effectively during retargeting.

In situations where there are too many seams to completely avoid objects, incorporat-
ing weights based on object size and relative brightness provides a mechanism to balance
the preservation of visually dominant objects with the overall retargeting constraints. This
approach enables the retargeting algorithm to intelligently allocate resources to preserve
the most important objects while still achieving the desired resizing.

3.6. Optimizations

One of the biggest limitations to seam carving in practical applications is that the
process of calculating the energy map is a fairly computationally expensive process, as it
requires iterating through the entire image and applying the energy kernel at each pixel.
With large images, the processing time can increase very quickly.

One approach we found that significantly reduces processing time is downscaling
the image before processing. Downscaling the image decreases its resolution, thereby
reducing the number of pixels that need to be processed during energy map calculation.
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By operating on a smaller image, the computational load is significantly reduced. After
obtaining the energy map at the downscaled resolution, it can be upscaled back to the
original size, matching the dimensions of the original image.

By downscaling the image to as low as 5% of its original size before calculating the
energy, and upscaling the resulting energy map, we were able to reduce the seam carving
time by over 90% for 4k images with no impact to the resulting output image. Visual
artifacts began to appear when downscaling below 1/24th of the original image size, and
the 90% reduction in processing time after implementing downscaling was consistently
present in smaller images as well.

4. Results

The proposed method for retargeting images demonstrates a notable reduction in
visual distortion compared to the naïve seam carving approach. This improvement is
particularly evident in images featuring subjects with low contrast or busy backgrounds,
where visual distortion tends to be more pronounced using conventional seam carving
techniques (Figures 8 and 9).
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To further enhance the output quality, the inclusion of a prompt to manually specify
the importance of subjects can yield even better results. By allowing users to manually
indicate which subjects are more important, the retargeting process gains an additional
level of customization and control (Figure 10).
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different retargeting results. Prompts: “People and flowers” (b), “People and doorway” (c), “People and
doorway, but the doorway is more important” (d), “Only small flowers in flowerpots” (e).

By considering the user-specified subject importance, the retargeting algorithm can
prioritize the preservation of those subjects—or removal of unwanted subjects—during the
seam removal process. This ensures that the resulting output images maintain the integrity
of the important subjects while adhering to the resizing constraints.

5. Discussion and Limitations

While this approach does address many of the limitations expressed in the original seam
carving proposal, it still has a number of limitations inherent in the leveraged technologies.

One significant limitation is that while the method aims to avoid distortion in primary
subjects, it may introduce further distortion to the background. This trade-off is often
preferable since maintaining the integrity of the subjects is a priority. However, it is
important to note that this approach will not eliminate distortion in all scenarios, and could
possibly be mitigated by other AI methods which separate out the foreground objects and
auto-fill the background layer [18] (pp. 35–37).

In images where the subject occupies a significant portion of the width or height, there
can still be unwanted distortion affecting the subject itself. This limitation aligns with
the challenges identified when the naïve seam carving algorithm was initially proposed.
Retargeting algorithms face inherent difficulties when resizing images that contain subjects
dominating a large portion of the frame. These limitations arise due to the inherent
constraints and trade-offs involved in the retargeting process. Seam carving redistributes
the energy in an image to accommodate resizing, and in doing so, some level of distortion
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or alteration is inevitable. Balancing the preservation of subjects with the need for overall
image resizing can be a complex task, especially when subjects occupy a substantial portion
of the frame.

Our approach is also subject to limitations inherent in the detection and segmentation
models utilized. The accuracy and performance of these models depend on the current state
of computer vision technology and may have certain constraints. While advancements in
computer vision are improving the performance of these models, there is still the potential
for the misclassification or incomplete identification of subjects. The effectiveness of the
automated detection and segmentation method is constrained by the scope and diversity
of the training data used for training the detection models. Although the Open Images v4
dataset used in this research is quite robust with 600 object classes, it does not encompass
the full range of objects found in real-world images. This limitation can result in missed or
misclassified subjects, impacting the accuracy of the retargeting process. Methods such as
CLIPSeg which rely on the CLIP embeddings of the image for segmentation can be more
robust in this regard, but are still imperfect.

Additionally, in order to be practical for real-time or even accessible consumer-level
applications, the segmentation and seam carving pipeline would have to be further opti-
mized to reduce computational expense. The computational complexity of the pipeline
should be minimized to ensure efficient and timely processing, particularly for scenarios
where real-time or interactive retargeting is required. Additional work would also have to
be performed to reliably convert and process LLM outputs to input which can be parsed to
image processing commands in a robust manner.

While the above limitations exist in our implementation, the fields of computer vision,
machine learning, and computational photography are progressing at an incredibly rapid
pace. Improvements to models will invariably impact the specific details of their most
effective implementations in this proposed retargeting approach, but the fundamental
methodology remains reliable.

6. Conclusions

By enhancing the art directability of the retargeting process, our proposed hybrid
computer-vision seam-carving technique offers significant advantages over traditional
methods. By integrating object detection and segmentation into seam carving, users can
exercise greater control over which elements of an image are preserved or emphasized
during resizing. This increased directorial control is particularly valuable in creative fields
where visual composition and emphasis are critical.

As such, this technique finds its primary applications in artistically driven fields such
as web design, advertising, and digital art. In these domains, creative professionals often
require tools that allow them to tailor visuals to fit various design constraints without com-
promising key visual elements. Our method enables designers and artists to intelligently
preserve or emphasize specific subjects within an image while resizing it, enhancing artistic
expression, and ensuring that the visual integrity of important elements is maintained.
This qualitatively enhances artistic expression and enables designers to tailor visuals to
fit various design constraints without compromising the integrity of key visual elements.
Practically speaking, similar natural-language-driven artist tools have already begun to be
introduced in consumer products, such as the Generative Fill tool introduced in a 2023 beta
release of the Photoshop desktop application [19]. A content-aware retargeting tool could
be similarly implemented as a tool within existing software packages, such as Photoshop,
where users would have the ability to use natural language prompts within the software to
specify the importance of objects in the image.

Notably, this method may not be appropriate for applications that require completely
undistorted image data. For instance, training datasets for image generation models,
medical imaging analysis, or any context where pixel-level accuracy is crucial would
not benefit from the distortions introduced by seam carving—even when mitigated by
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advanced computer vision techniques. In such cases, maintaining the original pixel data is
essential to ensure the accuracy and reliability of subsequent processing steps.

Other applications that can benefit from discarding auxiliary pixel data while main-
taining the visual integrity of the image subject might find our methodology advantageous,
though further research is needed. For example, deep learning-based face analysis tech-
nologies [20] could benefit from our retargeting method because it retains essential facial
features while reducing extraneous background, potentially enhancing focus on relevant
data and improving computational efficiency. However, it remains to be determined
whether our method offers a substantial advantage over simpler techniques like cropping,
especially when considering the additional computational complexity involved. The trade-
off between computational expense and the quality of subject preservation is a critical
factor that needs careful evaluation in such use cases.

The technologies and processes used in this research may also have applications in
human-centered tasks. Using image-based identification and segmentation together with
semantic control could be a powerful technique for complex robotic tasks (such as “place all
mugs but not cups on the table”) or self-driving cars (“avoid people and cats, but prioritize
people”) [21]. Semantic information can also improve techniques for re-identification of
individuals in images or video where traditional models may struggle with issues such as
occlusion [22] or movement in real-life settings [23]. Additional semantic information and
compositional image data could potentially improve recognition reliability in those situations.

Other similar techniques for human-centered tasks can potentially be integrated
into the retargeting process to improve results over the basic semantic confidence maps
proposed here. The integration of spatial and temporal salience maps, as discussed in
pedestrian trajectory forecasting, could enhance image retargeting by emphasizing dynamic
and contextually significant regions over static ones. Such an approach would allow
for more intelligent seam carving in videos or image sequences, preserving important
regions based on predicted movement patterns or object intent, similarly to how trajectory
prediction benefits from estimating pedestrians’ destination intentions [24]. Additionally,
processes used for person re-identification can be used in the semantic retargeting pipeline
to estimate data about specific individuals or poses [25]. This could allow for more nuanced
retargeting prompts (e.g., “Prioritize Sam and Nancy if they are walking”).

This use of natural language directorial control via AI classification integrated into the
image processing pipeline provides a new method of intelligent image editing where the
subject(s) of the images can be easily defined. This method can be extended beyond seam-
carving as a technique for directorial control over singular images or as bulk-processing on
a series of images.
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