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ABSTRACT
Continuous Vision (CV) systems are essential for emerging appli-
cations like Autonomous Driving (AD) and Augmented/Virtual
Reality (AR/VR). A standard CV System-on-a-Chip (SoC) pipeline
includes a frontend for image capture and a backend for execut-
ing vision algorithms. The frontend typically captures successive
similar images with gradual positional and orientational variations.
As a result, many regions between consecutive frames yield nearly
identical results when processed in the backend. Despite this, cur-
rent systems process every image region at the camera’s sampling
rate, overlooking the fact that the actual rate of change in these
regions could be significantly lower.

In this work, we introduce 𝛿LTA (𝜹ont’t LookTwice, it’sAlright),
a novel frontend that decouples camera frame sampling from back-
end processing by extending the camera with the ability to discard
redundant image regions before they enter subsequent CV pipeline
stages. 𝛿LTA informs the backend about the image regions that
have notably changed, allowing it to focus solely on processing
these distinctive areas and reusing previous results to approximate
the outcome for similar ones. As a result, the backend processes
each image region using different processing rates based on its
temporal variation.

𝛿LTA features a new Image Signal Processing (ISP) design pro-
viding similarity filtering functionality, seamlessly integrated with
other ISP stages to incur zero-latency overhead in the worst-case
scenario. It also offers an interface for frontend-backend collab-
oration to fine-tune similarity filtering based on the application
requirements.

To illustrate the benefits of this novel approach, we apply it to a
state-of-the-art CV localization application, typically employed in
AD and AR/VR. We show that 𝛿LTA removes a significant fraction
of unneeded frontend and backend memory accesses and redundant
backend computations, which reduces the application latency by
15.22% and its energy consumption by 17%.
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1 INTRODUCTION
Video cameras are capable of capturing imageswith ever-increasing-
ly high resolution and frame rates [28, 42, 63, 86]. At the same time,
emerging applications using these cameras, such as Autonomous
Driving [90] (AD), Augmented and Virtual Reality [14] (AR/VR),
smart vision [2], and robotics, are rapidly evolving. Their sophisti-
cated algorithms necessitate substantial computational resources
with tightly energy-constrained budgets. Additionally, most of these
applications are deployed in mobile systems, requiring low-power

solutions. Consequently, these Continuous Vision (CV) systems
face significant challenges in delivering accurate results in a timely
and energy-efficient manner.

The major challenge for CV systems is latency, which is espe-
cially critical in worst-case scenarios. For instance, CV systems
must react quickly to environmental changes in AD vehicles to
ensure safe and efficient navigation. With cars capable of travers-
ing 2-3 meters in just 100 ms, even the slightest delay can have
dramatic consequences [20]. Another difficulty is ensuring a good
user experience, notably in applications such as AR, where users
may experience dizziness and discomfort if the system is not re-
sponsive enough. Energy consumption also imposes significant
limitations and exacerbates previous challenges, particularly in
battery-powered systems where autonomy is critical.

A standard CV System-on-a-Chip (SoC) pipeline includes a fron-
tend for image capture and a backend for executing vision algo-
rithms. The frontend captures the image frames and writes them in
a Framebuffer (FB) in the main memory of the SoC. The backend, in
turn, reads the images from the FB and processes them. In CV, the
camera movement is frequently smooth, meaning that the camera
captures images of the same scene with gradual changes in posi-
tion, angle, and orientation. This smoothness results in consecutive
frames having a high degree of temporal similarity. For example,
when an autonomous vehicle stops at a red traffic light, it processes
similar frames. Likewise, when the vehicle begins to move again,
some image regions, such as the sky or road, change minimally.

In this work, we leverage this smoothness property of input
vision streams to propose 𝛿LTA (𝜹ont’t Look Twice, it’s Alright).
𝛿LTA optimizes CV by decoupling frontend camera frame sampling
from the backend processing. We introduce a new CV frontend
that utilizes frame-to-frame similarity to discard image regions in
the very early stages of the vision pipeline during the frontend
camera sampling. Instead of writing the entire frame to the FB
every time the camera captures an image, 𝛿LTA frontend selectively
updates only the regions of the frame that differ from the previous
version and informs the backend which regions are different. This
mechanism allows the backend to focus solely on processing the
unique and distinctive regions of the image at their rate of change
and not always at the arbitrary camera sampling rate.

Compared with current systems, 𝛿LTA reduces the frontend FB
updates, the redundant backend computations, and the backend FB
accesses needed to produce equivalent final results with decreased
end-to-end latency and overall energy consumption. Another piv-
otal benefit of decoupling the backend workload from the sampling
arises when considering camera frame rate scaling. Frame-to-frame
similarity increases as the frame rate grows since the camera has
less time to capture variations in the scene between consecutive
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frames up to a certain point when, for a given scene, more frame rate
provides only redundant information. Hence, 𝛿LTA can progres-
sively filter the increasingly similar regions of these frames to limit
the backend workload to the actual scene information. Moreover,
increasing the frame rate enhances responsiveness. To illustrate
it, consider a baseline system limited to processing streams at 20
FPS. Consider also that, assuming the particular temporal similarity
characteristic of a given scene, this system with the 𝛿LTA frontend
can process instead, 30 FPS. While the baseline system processes
all image regions at 20 FPS, 𝛿LTA-equipped one can selectively
process some regions, the most distinctive that changed, at up to
30 FPS, thanks to freeing computational resources that otherwise
would be devoted to processing irrelevant regions.

To ensure all these advantages, 𝛿LTA must efficiently address
two notable challenges. The first challenge is enabling the fron-
tend to detect similar regions efficiently without significant latency
and energy consumption overheads. To achieve this, 𝛿LTA divides
each frame into a grid of equally sized regions and computes a
BRIEF [11] signature for each region through a specialized hard-
ware accelerator embedded in the Image Signal Processor (ISP) of
the frontend. BRIEF signatures require a limited number of pixel
computations. They can be efficiently stored in a small buffer in
the ISP, as they only occupy a fraction of the original region. To
identify similar regions in an incoming frame, the ISP computes the
Hamming distance between the BRIEF signatures for each region
of the incoming frame and the past frame stored in a buffer. We
show that this approach is highly efficient and requires a relatively
small accelerator.

The second challenge of 𝛿LTA is to design a versatile frontend
interface since CV systems operate in a wide variety of potential
scenarios. We achieve this flexibility through a hardware-software
co-design and collaboration approach. The proposed frontend in-
terface offers the programmer two primary mechanisms to regu-
late its adaptable behavior: i) a threshold that determines when
𝛿LTA ISP should consider that two regions are similar and ii) a
mask that specifies which regions it must update regardless of the
similarity measurement. The vision processing software can be
modified to take advantage of the new frontend interface using the
threshold and mask according to the particular characteristics and
requirements of the CV system, its deployment, and the acceptable
approximation levels.

𝛿LTA has broad applicability to vision systems. We illustrate its
effectiveness in AD, representing a crucial CV application that is ex-
pected to revolutionize transportation. Specifically, we focus on the
CV pipeline used by state-of-the-art AD systems [30, 51, 52, 54, 89],
which rely on mobile, energy-efficient SoCs to perform real-time
camera-based localization achieved through Simultaneous Local-
ization and Mapping [10, 16, 27, 32, 45, 77, 88] (SLAM) algorithms.
AD systems are subject to strict latency and energy constraints,
making them an ideal test bed for our approach.

We show that 𝛿LTA provides significant benefits at the expense
of small extensions to current mobile CV SoCs. In particular, 𝛿LTA
achieves up to a 15.22% reduction in latency and a 17% reduction
in energy consumption.

In summary, the key contributions of this work are:

• We propose 𝛿LTA, a novel, decoupled visual frontend for
contemporary CV SoCs. 𝛿LTA exposes which regions of
a frame have changed with respect to the previous one,
enabling many opportunities for computation reuse and
approximate computing.

• We propose an ISP architecture that supports the new fron-
tend based on a highly efficient method to discriminate
similarity in image regions based on BRIEF [11].

• We show how to co-design the software with 𝛿LTA to
achieve fast, low-power continuous vision localization.

• We compare the performance of our solution with the base-
line and with an optimized backend implementation, show-
ing that the new interface significantly reduces latency and
energy consumption. 𝛿LTA also enables CV SoCs to process
higher frame rates and enhance responsiveness.

We organize the remainder of this document as follows: Section 2
provides background used later in the paper. Section 3 describes
the hardware architecture of 𝛿LTA and how software can use it.
Section 4 details the evaluation methodology. Section 5 presents the
performance, energy, and accuracy results. Section 6 reviews related
work, and finally, Section 7 summarizes the main conclusions.

2 BACKGROUND AND MOTIVATION
This section provides an overview of our research context. We
first discuss the state-of-the-art Continuous Vision (CV) pipeline
and its applications in camera-based localization, widely used in
emerging technologies like Autonomous Driving (AD) and Aug-
mented/Virtual Reality (AR/VR) [45]. We then examine the spatio-
temporal redundancy inherent in CV inputs and the BRIEF method
that we leverage to detect it. Finally, we discuss how previous stud-
ies have exploited spatio-temporal redundancy through software
caching.

2.1 Continuous Vision Pipeline
CV systems have two primary components: a frontend and a back-
end (Figure 1a). The frontend processes pixel data, while the back-
end extracts high-level semantic information for decision-making.
Off-chip camera sensors capture light, generating RAW pixels sent
to the SoC via the MIPI Camera Serial Interface (CSI) [50]. Within
the SoC, the Image Signal Processor (ISP) is a specialized SoC com-
ponent that transforms Bayer domain RAW data into RGB/YUV
domain pixels using algorithms like dead pixel correction, demo-
saicing, and white-balancing [66]. The ISP design involves a cas-
caded stencil operations pipeline on local SRAMs organized as
line buffers [9, 38] (shown in Figure 2). Stencil operations employ
this structures [81] to process an input pixel window and generate
output pixels, typically following the image storage pattern using
raster scan order.

2.2 Camera-based Localization Overview
Localization is an essential task that allows a moving agent (e.g., a
car) to determine its position and orientation in a given frame of
reference. Contemporary camera-based AD localization systems
are composed of two main stages: Feature Extraction (FE) stage and
Optimization (OPT) stage [30] (see Figure 1a).
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Figure 1: (1a) Depiction of a CV pipeline, highlighting the
front and backend that embeds a visual localization system.
(1b) Relative execution time for our localization system.
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Figure 2: Scheme of a typical 2D line buffer employed on
image processing specialized hardware.

The FE stage plays a crucial role in these systems. It performs
several image processing methods and extracts visual features from
every incoming camera frame to find visual correspondences in
consecutive observations. This process is sensitive to the camera’s
resolution and frame rate. According to our experiments (see Fig-
ure 1b), this stage spends up to 60-70% of the total execution time,
clearly establishing it as the main bottleneck of the application.

On the other hand, the OPT stage calculates the position (𝑥,𝑦, 𝑧
coordinates) and orientation (yaw, roll, and pitch) of the agent using
the visual feature correspondences generated in the FE stage.

In this work, we experiment with a state-of-the-art [45] approach
called ORB-SLAM [12, 61] in localization-only mode to illustrate the
benefits and applicability of our idea. However, it is worth noting
that other recent approaches, such as SOFT2 [19] (currently the
top-ranked in the KITTI [33] benchmark), could also benefit from
our contribution.

2.3 Spatio-temporal Similarity
In CV, camera motion is often smooth, resulting in images that
display subtle shifts in position, angle, and direction. This smooth-
ness causes adjacent frames to exhibit significant spatio-temporal
similarity. In this work, we leverage this spatio-temporal similarity
to optimize the processing of adjacent frames. Figure 3a presents
a similarity study that divides each image into a grid of varying-
size regions to assess the percentage of identical regions between
consecutive frames. As region sizes increase, the percentage of
identical regions decreases significantly. For instance, around 60%
of 1x1 regions (i.e., pixels) are identical, whereas only 20% of 16x16
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Figure 3: (3a) Similarity study at different region sizes across
adjacent frames for sequence 00 of the KITTI [33] dataset.
(3b) Reduction in Normalized Temporal Gradient with in-
creasing frame rate (FPS).

Figure 4: The figure compares two consecutive KITTI frames
and highlights regions that exhibit spatio-temporal similar-
ity. Yellow regions represent areas with low 2D frequency
and high similarity. The blue regions correspond to distant
areas in the scene that move slowly due to parallax.

regions share this characteristic. For larger regions, the percentage
drops considerably, reaching nearly 0% of whole identical frames.

However, opportunities for computation reuse are much higher
if we consider similar regions rather than totally identical ones.
Figure 4 provides an example using 64x64 pixel regions, demon-
strating that many regions exhibit minimal changes during typical
camera movements. Several factors contribute to this observation,
such as the parallax effect, camera sampling-to-velocity ratio, and
low 2D frequency component areas.

The parallax effect causes objects far from the camera to appear
to move slowly relative to the camera. Figure 4 exemplify such
areas in blue.

The camera sampling-to-velocity ratio also impacts the frame-
to-frame similarity. Figure 3b clearly illustrates the relationship
between an increase in frame rate (FPS) and similarity within a
given scene. We assess similarity using a metric called Temporal
Gradient (TG), a widely accepted indicator for temporal similarity in
video processing [84]. It involves computing the overall difference
between the pixel values of two consecutive frames by subtracting
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one frame from the other and then averaging the resulting pixel
values across the entire image. A low TG indicates little change
between consecutive frames, implying high similarity. The normal-
ized TG (by the maximum brightness) consistently decreases as
the frame rate increases, indicating that higher frame rates lead to
higher similarity.

Another property of a CV stream is related to the low 2D fre-
quency areas. These areas, containing less information, require
lower frame rates than more detailed regions. Figure 4 highlights
similar regions in yellow. Despite movement between frames, many
of these regions maintain nearly identical values due to the unifor-
mity of their surrounding area.

2.4 BRIEF Overview
BRIEF, or Binary Robust Independent Elementary Features, is a
method to generate a concise representation or signature of an
image region’s pixel intensity distribution [11]. BRIEF describes
regions as the concatenation of the results of intensity comparisons
between sampled pixel pairs within the region.

The generation of the coordinates of the pixel pairs, 𝑛 in total, is
a fundamental aspect of BRIEF. This pattern is established once and
consistently applied when constructing BRIEF descriptors across
all the image regions intended for similarity comparison. Typically,
pixel pair positions can be chosen either through a random sam-
pling within the image region or through a more sophisticated
learning-based approach where machine learning aids in selecting
the optimal pairs based on training data [11]. Our proposal uses
the OpenCV [6] BRIEF implementation pattern of pair coordinates.

Figure 5: Example of the BRIEF (B) operation to form the
signature 10...1.

Given an image intensity function 𝐼 , a binary test 𝜏 on an image
patch with pixel coordinates 𝑝𝐴 and 𝑝𝐵 is defined as:

𝜏 (𝑝𝐴, 𝑝𝐵) =
{
1 if 𝐼 (𝑝𝐴) < 𝐼 (𝑝𝐵)
0 otherwise

The BRIEF descriptor B using 𝑛 binary tests is:

B =
[
𝜏 (𝑝𝐴1 , 𝑝𝐵1 ), . . . , 𝜏 (𝑝𝐴𝑛

, 𝑝𝐵𝑛
)
]

Figure 5 depicts a representation of the BRIEF method operation.
For a given pixel pair, 𝑝𝐴 , and 𝑝𝐵 , if the intensity of 𝑝𝐴 is greater or
equal to 𝑝𝐵 , the bit is set; otherwise, it is unset.We use the Hamming
distance of the BRIEF signatures of two regions to evaluate their
similarity with a threshold-based classifier.

2.5 Software Caching
A variety of prior works exploit the spatio-temporal similarity in
CV. Some employ software-based solutions as a cache service to
minimize computational redundancy across simultaneous vision
applications. Starfish [49] identifies library calls with identical argu-
ments, enabling the reuse of computation results. CBinfer [13] and
DeepMon [40] employ CNN caches, allowing computation reuse for
each layer by matching image regions within a uniformly sized grid.
Potluck [36] facilitates cross-application deduplication of image
region computations through a system cache that reuses computa-
tions for spatio-temporally similar regions. DeepCache [85] enables
reuse for closely similar image regions, conducting a single lookup
at the input raw images and propagating reusable region bound-
aries across all application layers to recalculate only the necessary
components.

All these solutions have a common aspect: they utilize a soft-
ware cache that stores a similarity metric of different regions. Some
use ad-hoc metrics [13] or features like SIFT [36]. They differ in
the search methodology to identify similar neighbor regions. This
search activity tends to be very costly, and sometimes, it may out-
weigh the benefits of computation reuse. They also differ in what
they cache: results from image processing subroutines, CNN layer
computations, etcetera. In any case, software caching transfers
the entire image from the ISP to the main memory and from the
main memory to the backend (e.g., CPU), at least to perform the
cache lookup, which limits its efficiency and energy-saving poten-
tial. On the other hand, our proposal, 𝛿LTA, avoids not only the
computation but also the transfer of reusable regions and includes
specialized hardware support to minimize the overheads of finding
similar regions.

3 DECOUPLING CAMERA SAMPLING
This section presents, 𝛿LTA, our novel solution to overcome the
limitations of existing CV systems. We discuss the proposal’s core
concept and its implementation in modern vision frontends, specif-
ically in the ISP, and describe how to harness its potential using
software on the backend CPU. Importantly, any backend, such as a
GPU or ASIC, can similarly leverage 𝛿LTA.

3.1 General Overview
𝛿LTA optimizes the end-to-end image transmission and processing
of the CV pipeline. It decouples camera sampling from processing
to avoid unnecessary image data transmissions and redundant com-
putations in the backend. It also enables proactive frontend and
backend collaboration.

As Section 2.1 explains, modern CV backends have to access
and process all the frames the camera generates, since they cannot
make any assumptions about them. Consequently, backend’s work-
load depends on the frame rate of the camera. 𝛿LTA breaks this
coupling, enabling the ISP to discard similar regions in consecutive
frames by exploiting the spatio-temporal similarity introduced in
Subsection 2.3. Similar regions are not transferred to the main mem-
ory nor later accessed by the backend. The backend of a system
equipped with 𝛿LTA only has to process the distinctive regions
of images that change. For the rest, it can reuse cached results or
approximate the output using computationally cheaper methods.
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𝛿LTA design transforms a system that processes images based on
the camera frame rate to one that processes the images based on
how they change.

Moreover, current vision pipelines communicate only in one
direction. The frontend processes the images without knowing
anything about the requirements of the backend application. Con-
sequently, it fails to adapt to them and always operates the same.
For this reason, 𝛿LTA enables proactive communication between
both parts of the pipeline, employing a richer interface that informs
what image regions changed compared to the previously captured
images each time the camera samples. Additionally, it allows the
backend to adjust its behavior. The backend can communicate with
the frontend to indicate a threshold determining if two regions are
similar and a mask to indicate which regions must be sent from
the ISP to the Framebuffer (FB) regardless of their similarity. This
way, the backend can adjust the performance, accuracy, and en-
ergy tradeoffs employing specific runtime information of the vision
application.

In summary, we enhance the state-of-the-art vision SoCs with a
new ISP capable of filtering similar regions and a new interface that
allows the backend to exploit this similarity. Figure 6 depicts the
new extensions and frontend interface parameters. In the remainder
of this section, we delve into the details of implementing 𝛿LTA
and demonstrate its effectiveness in addressing the challenges of
efficient and flexible CV processing.

3.2 Frontend
The 𝛿LTA frontend operates by dividing each frame into a grid of
equally sized regions, extracting BRIEF [11] descriptors (introduced
in Subsection 2.4) that are used as signatures to identify these
regions, and comparing incoming frame regions’ signatures with
the signatures of the corresponding regions in the FB. If the ISP
deems a region similar, the ISP discards it, avoiding its transfer to
the FB. Conversely, the ISP transfers the distinct regions to the FB.

Furthermore, we extend the frontend interface to enable proac-
tive collaboration. The new ISP exposes the identifiers of regions
that have changed since the previous FB version to the backend
in a dedicated Reuse Information area within the FB (see Figure 6).

The backend can also guide the ISP’s actions by sending parame-
ters via the FB interface, setting the threshold for region similarity
detection, and supplying a mask to prevent the ISP from discard-
ing a region, irrespective of the similarity mechanism. This new
metadata is vital for facilitating ISP collaboration and allowing the
backend to control the ISP’s behavior, adjusting latency, energy,
and accuracy tradeoffs on demand according to the requirements
of the application, and even enabling the ISP to function as the
baseline when required.

We integrated a highly efficient new hardware component into
the ISP to support this new functionality that operates in parallel
with other ISP stages to hide its latency. This design avoids the
BRIEF extraction andmatching to increase frame processing latency,
even in worst-case scenarios where all regions differ or when the
user deactivates 𝛿LTA functionality.

The following subsection presents an example of the 𝛿LTA fron-
tend operation. Next, we will discuss the benefits of using BRIEF
descriptors, followed by a description of the microarchitecture of
the new component of the 𝛿LTA ISP frontend and its integration
within the pipeline.

3.2.1 Operation Overview. Figure 7 provides a high-level overview
of 𝛿LTA frontend operation. First, the backend initializes the sys-
tem with a fixed threshold and an empty mask, indicating to the
frontend that it has to send all regions since this is the first frame.
The frontend divides the frames into an equally-sized grid. In our
example, the ISP splits the frames into a 3𝑥4 grid, with each ISP
region having an associated identifier 𝐼𝑅𝑖 . Additionally, the color
of each region indicates the frame to which it belongs.

The first frame processed in our example is Frame 0. Since it
is the first frame, all regions are new, and the ISP must send all
of them and their identifiers (Reuse Information) to the FB in the
main memory. We refer to the Framebuffer Regions as 𝐹𝑅𝑖 . The
ISP computes the BRIEF (represented with B signatures for each
𝐼𝑅𝑖 region and stores them in a Signature Buffer (SB). At the end of
this process, the FB contains Frame 0 regions (in blue), and the SB
stores signatures of every 𝐹𝑅𝑖 .

When Frame 1 arrives, the ISP extracts BRIEF signatures for
every region and compares them with the corresponding signature
in the SB using their Hamming distance. If the Hamming distance
of a region is below the threshold indicated by the backend, the ISP
classifies it as similar and does not transfer it to the FB (e.g., region
𝐼𝑅1 and 𝐼𝑅𝑁 ). Otherwise, it sends the region to the FB, updates its
BRIEF signature in the SB, and sends the region identifier to the
Reuse Information of the frontend interface (e.g., region 𝐼𝑅0). This
way, the backend knows which regions have changed. At the end
of this process, the FB contains regions from Frame 0 (in blue) and
Frame 1 (in orange).

When Frame 2 arrives, the same process occurs. The 𝛿LTA ISP
processes each region, extracting its BRIEF signature, B(𝐼𝑅𝑖 ), and
compares it with the one in the SB corresponding to the same re-
gion, B(𝐹𝑅𝑖 ). It transfers the distinct regions to the FB and their
identifiers to the Reuse Information. Upon finishing Frame 2 pro-
cessing, the ISP sends only four regions, and the FB contains regions
from all three processed frames.
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Figure 7: Overview of 𝛿LTA technique for discarding redundant regions in the frontend.

3.2.2 Why BRIEF Descriptors? We employ BRIEF [11] as a signa-
ture for the grid regions in which 𝛿LTA divides each frame to lever-
age spatio-temporal frame-to-frame similarity on CV streams. Our
decision to utilize BRIEF signatures over other methods [5, 56, 73]
in 𝛿LTA is motivated by several key factors:

• Robustness for 𝜹LTA use-case: BRIEF signatures can ef-
fectively measure similarity between regions under moder-
ate changes like those found in consecutive spatio-temporal
similar frames. We do not require scale or rotation invariant
features that would raise the hardware complexity and cost.

• Speed: BRIEF generation andmatching are highly hardware-
friendly and computationally efficient, as they only require
a limited number of pixel comparisons. The matching con-
sists of computing the Hamming distance between two
signatures. Other methods (e.g., SIFT [56]) require costly
floating point operations. This efficiency is particularly
beneficial in real-time scenarios where speed and energy
efficiency are critical.

• Compact representation: Storing BRIEF signatures has
minimal memory overhead, less than 4% of the image size.
This small overhead eliminates the need for the ISP to dou-
ble buffer past frame contents.

We evaluated the effectiveness of BRIEF signatures to describe
the grid regions of frames in CV by conducting experiments to
establish the correlation between our method and the Temporal
Gradient (TG), already alluded to in Subsection 2.3.

Figure 8a and Figure 8b display the negative correlation between
the Normalized TG and the percentage of similar regions detected
with BRIEF for 10 and 30 FPS, respectively. The correlation for the 10
FPS case is -0.785, indicating a strong negative relationship between
the change between frames (represented by the normalized TG)
and the number of similar regions identified by the BRIEF method.
A similar correlation (-0.8) exists for the 30 FPS case. This robust
negative correlation demonstrates that 𝛿LTABRIEF-based approach
can effectively identify similar regions between consecutive frames.
To further support this, we present in Section 5 results showing
that our method achieves excellent accuracy when applied to a
contemporary localization system.

0.00 0.05 0.10 0.15 0.20
Normalized Temporal Gradient

50

60

70

80

90

100

Si
m

ila
r

R
eg

io
ns

(%
) Data

Regression

(a)

0.04 0.06 0.08 0.10 0.12
Normalized Temporal Gradient

60

70

80

90

100

Si
m

ila
r

R
eg

io
ns

(%
) Data

Regression

(b)

Figure 8: Correlation between the normalized Temporal Gra-
dient and the percentage of similar regions obtained with
𝛿LTA similarity detection method at 10 FPS (8a) and 30 FPS
(8b) for the sequence 00 of KITTI [33] benchmark.

3.3 ISP Implementation
In this subsection, we describe the microarchitecture implementa-
tion of the new 𝛿LTA ISP. As shown in Figure 6, the new hardware
includes a 𝛿LTA unit that computes and matches BRIEF signatures
of image regions and a Signature Buffer (SB) that stores the BRIEF
descriptor of every image region stored in the FB (B(𝐹𝑅𝑛)). Every
time the ISP transfers a region, it updates the corresponding signa-
ture for the region in the SB to maintain coherence between the SB
and the FB contents. Our choice of using BRIEF signatures makes
the SB cost relatively low. For example, for an FHD (1920x1080
image) that occupies approximately 2MB, the SB requires only
∼64KB.

3.3.1 𝛿LTA Unit. Figure 9 illustrates the 𝛿LTA unit microarchi-
tecture, designed for efficient and hardware-friendly filtering of
similar image regions. It features a streaming architecture capable
of processing one pixel per cycle, utilizing a 2D line buffer to ac-
cess image regions (𝐼𝑅𝑛) of 32x32-pixel size. State-of-the-art image
processing architectures use streaming line buffers because of their
efficiency [22, 79, 80, 82].

The 𝛿LTA unit applies a predefined pattern of pixel intensity
comparisons to each specific region to generate its BRIEF signature.
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Figure 9: Microarchitecture of the new ISP components: 𝛿LTA
unit and Signature Buffer.

Each comparator (CMP), shown in Figure 9, takes Gaussian-filtered
pixels from the region as input to generate one bit of the final sig-
nature. The Gauss modules efficiently perform the filtering using a
3x3 Gaussian kernel approximation, 1

16

( 1 2 1
2 4 2
1 2 1

)
, that only requires

sums and proper bit-wise wire routing. Filtering of the region data
smooths out high-frequency noise and details, improving the ro-
bustness of BRIEF.

The unit subsequently compares the newly generated BRIEF
signature (B(𝐼𝑅𝑛)) with the stored SB signature from the FB’s cor-
responding region (B(𝐹𝑅𝑛)), calculating the Hamming distance
using the sum of bit-wise XOR operations between the two de-
scriptors. Then, it compares the distance with the threshold input
parameter for the similarity test and updates the SB if the region
is not similar. The mask input parameter determines if the unit
updates the region’s SB entry, irrespective of the similarity test.

3.3.2 ISP Pipeline Integration. We consider a baseline ISP that re-
sembles literature [9, 38] and commercially available solutions [4,
66, 67]. An ISP sequencer orchestrates various ISP stages to con-
vert the camera sensor’s raw data to RGB and YUV color spaces
(demosaicing) and to apply several image enhancements afterward.
As explained in Section 2.1, some of these improvements adjust the
image’s color balance to ensure accurate color reproduction (color
correction), adjust the gamma and apply High Dynamic Range
(HDR) processing to improve contrast and detail in both bright and
dark areas (tone mapping) or improve image quality (sharpening),
among others [9, 38, 66]. The generated image is temporarily stored
in the DMA buffer to smooth data flow within the ISP pipeline be-
fore the DMA controller transfers it to the main memory.

Figure 10 illustrates the described traditional ISP pipeline and
the integration of the 𝛿LTA unit into it by adding a new 𝛿LTA
Similarity Filtering stage. This stage generates a reuse signal that
the DMA controller uses to avoid sending those regions deemed
similar by the 𝛿LTA unit.

This new stage runs in parallel with tone mapping and sharp-
ening stages since it does not rely on the images produced after
these stages. As described in the previous subsection, the 𝛿LTA unit
utilizes a Gaussian filter to blur the regions, effectively negating
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Figure 10: 𝛿LTA incorporates a new ISP stage for BRIEF Sim-
ilarity Filtering, which overlaps with other ISP stages.

the image-enhancing advantages of tone mapping and sharpening
stages.

We modeled a cycle-accurate RTL hardware description of the
𝛿LTA Similarity Filtering stage and its integration with the two
final ISP pipeline stages to demonstrate that the new 𝛿LTA stage
latency overlaps with a standard ISP pipeline. Wemeasured that our
new stage has a latency of up to 3ms when running at 700 MHz. We
confirmed that its latency could overlap even with two simple 5x5
stencil operations. Since the latency of ISP stages in real scenarios is
more significant than in our experiments, we can conclude that the
𝛿LTA Similarity Filtering latency can be hidden entirely. This zero-
latency overhead design is particularly advantageous for mission-
critical real-time visual applications, where minimizing latency is
crucial.

Overall, 𝛿LTA frontend allows for highly efficient and hardware-
friendly similarity detection, enabling the system to focus only on
processing the unique and distinctive regions of the image that
change while avoiding redundant computations and unnecessary
data transfers. Next, we show an example of how a visual applica-
tion running in a CPU backend can benefit from using 𝛿LTA.

3.4 Backend
𝛿LTA frontend is generic and flexible since it makes no assumptions
about the application. It divides the image into regions and classifies
them based on visual change. On the other hand, the backend can
exploit more specialized insights from the application and adapt
the requirements at runtime, proactively communicating with the
frontend through the versatility of our proposed FB interface.

A vision system can exploit 𝛿LTA implementing a background
service similar to the ones proposed in prior works [36, 49, 85],
but in a more efficient manner. As explained in Subsection 2.5,
these previous works leverage frame-to-frame similarity by using
image contents as a key for a software cache that temporarily
memoizes the associated output results for the regions (e.g., CNN
partial convolution results). These methods must access the FB
and process the whole image to generate a key (e.g., a descriptor
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Figure 11: Illustration of how the backend CPU reuses the
computations for the redundant regions (R) and only pro-
cesses the non-similar regions (C).

or feature as an identifier) and perform cache lookups for every
incoming image. This approach induces an unavoidable energy and
latency overhead that reduces the gains for cache hits and increases
the worst-case latency since they require reading and processing
the entire image for cache lookup. This cost rises with the camera
resolution and frame rate increases; hence, the CPU and memory
transmission bandwidth limit the benefits of these methods. By
leveraging the 𝛿LTA frontend interface, it is possible to mitigate
these limitations significantly.

We illustrate the benefits of 𝛿LTA through a crucial emerging
application, a state-of-the-art visual localization technique called
ORB-SLAM [12, 61] that typically runs on CPUs [30]. We aim to
leverage 𝛿LTA to reduce latency and energy consumption without
impacting localization accuracy.

To achieve this, we modified the ORB-SLAM codebase to include
a software cache to store the ORB features and all its associated
metadata (e.g., rBRIEF descriptors) that the algorithm uses as the ba-
sis for its entire execution. ORB Feature extraction represents more
than 60% of execution time for SLAM and up to 90% for localiza-
tion [30] as we also reported in Subsection 2.2. By leveraging 𝛿LTA,
the modified algorithm only processes the regions that change
across consecutive frames while ignoring the remaining ones, as
detailed in the following subsections. In Section 5, we demonstrate
how the resulting modified version of ORB-SLAM significantly
reduces computation and memory requirements while exhibiting
the same accuracy.

3.4.1 OperationOverview. The backend initiates the camera pipeline
by setting a threshold and an empty blank mask to compute all
regions for the first frame. Figure 11 shows the final FB contents
seen by the CPU after the 𝛿LTA frontend operation, as discussed
in Subsection 3.2.1.

When the 𝛿LTA frontend finishes processing Frame 0, the back-
end starts processing it. First, the backend reads the Reuse infor-
mation, which for Frame 0 indicates that all the regions changed
from the last frame (represented with a C in the regions of the
figure) since it is the first frame. Based on this information, the
backend processes each region, writing the extracted ORB features
in a software cache that stores these results for each 𝐹𝑅𝑛 .

Upon Frame 1 arrival, the backend repeats the same process.
It reads the Reuse Information that informs which 𝐹𝑅𝑛 regions
changed from the past frame. For these regions, the localization
algorithm extracts ORB features as usual, and like in the previous
frame, it stores the results in the software cache. The system can
reuse the features extracted from the last frame for the rest of the

regions, labeled with an R in the figure. The backend does not have
access to the pixel values for similar regions, only to the Reuse
information. The rest of the algorithm continues the processing,
employing the ORB features stored in the cache to localize the
camera.

Next, the backend processes Frame 2. It reads the Reuse infor-
mation and recomputes only the regions that changed from the
past FB version. For similar regions, the cache contains the values
from either Fame 0 or Frame 1. Similar to what happens with the
frontend, where the ISP SB is kept coherent to hold the BRIEF sig-
natures of the regions of the FB, the backend also stores the results
(e.g., ORB features) of each region of the FB.

3.4.2 Threshold. A crucial element of our proposal is its adaptabil-
ity to various application requirements. The threshold parameter, a
value between 0 and 1, dictates the intensity with which the fron-
tend discards regions. This threshold can be set on a per-frame
basis following different strategies, for example:

• Static Thresholding: This approach involves using a fixed
threshold throughout the entire execution of the application
without any alterations.

• Utilizing Application-specific Insights: Many charac-
teristics unique to specific applications can offer valuable
information to modify the threshold. For instance, in our
case study, the number of matched ORB features or un-
successful re-localization attempts could be employed to
fine-tune the threshold to be more aggressive in regions
that have a minor impact on the localization outcome.

• Multisensor Augmentation: Additional sensor data from
the external environment can be harnessed to adjust the
threshold. For example, in some AD systems, the Inertial
Measurement Unit (IMU) supplies crucial information on ve-
hicle acceleration [65, 70, 78, 88, 91]. The system can lever-
age this information to dynamically modify the threshold,
lowering it when the vehicle accelerates, turns, or executes
unusual maneuvers where heightened accuracy is essential.

For dynamic approaches like the last two above, the system
requires a threshold control mechanism receiving feedback from
camera pose error estimations. The backend can estimate this error
every N frames by conducting two parallel independent pose es-
timations using the full and 𝛿LTA-filtered frames and comparing
the corresponding poses. Our proposal supports this process by
masking all the regions and forcing the frontend to send them. Note
that the 𝛿LTA frontend still updates the Reuse Information.

Our experiments use conservative static thresholding to illustrate
a lower bound of the potential benefits.

3.4.3 Masking Regions. The other mechanism to control 𝛿LTA be-
havior is a mask. The mask is a binary string where each bit,𝑚𝑖 ,
tells the ISP if the region 𝐼𝑅𝑖 must be sent to the FB regardless of
the similarity with previous regions. If the application knows that
a region will likely contain important information, it may conser-
vatively decide to recompute it irrespective of the similarity test.
Moreover, masking all the regions implies that the frontend oper-
ates under baseline conditions, transmitting all regions to the FB.
Deactivating 𝛿LTA functionality proves beneficial in conservative
situations or where backward compatibility is necessary.
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This masking mechanism can be leveraged by drawing insights
from the particular visual application. For example, the bounding
boxes of objects detected by CNN models exhibit spatial locality in
consecutive frames. If the model detected a pedestrian in a frame,
it would likely be in the same image region in the next frame. The
backend can exploit this mechanism by masking the regions where
objects were detected in the precedent frames to force the frontend
to send these regions to the FB.

Likewise, in our case study, ORB features in a frame are expected
to be in nearby positions in the next frame. Since these features
determine the final outcome of the algorithm, the backend could
decide to mask the regions that contain a large number of features
to force their computation while using a more aggressive threshold
for the remaining ones to achieve greater savings without impacting
accuracy.

4 EVALUATION METHODOLOGY
We combined different models and simulators to evaluate the con-
tinuous vision pipeline’s performance, energy, and accuracy. We
simulated the entire CV pipeline with gem5 [57] by developing a
custom gem5 device to model the ISP behavior. We used DRAM-
sim3 [48] to model the main memory and the off-the-self CPU
models included with gem5 for the CV backend.

We integrated our ISP simulation in gem5 by modeling a de-
vice that mimics its framebuffer accesses. We used the Jetson TX2
board’s specifications to parametrize the baseline ISP consistent
latency and power dissipation characteristics, like other related
works[92]. To simulate the specific 𝛿LTA behavior in gem5, we
functionally analyzed the input video sequences to forge the Reuse
Information generated by the 𝛿LTA ISP. We detected similar re-
gions for each frame using our approach (see Subsection 3.2.1) and
the BRIEF implementation of the OpenCV [6] library.

We parallelly modeled the 𝛿LTA Similarity Filtering stage (in-
cluding the 𝛿LTA unit) to validate its integration within the ISP
pipeline using a cycle-accurate RTL hardware description, as ex-
plained in Subsection 3.3.2. We ensure the new stage does not create
stalls in the ISP pipeline by modeling the streaming pipeline of the
last ISP stages (see Figure 10) as two 5x5 stencil operations that are
simpler than the typical ISP operations. The architecture incorpo-
rates two 2D line buffers for the stencil operations running parallel
with our new 𝛿LTA pipeline stage.

Furthermore, the baseline CPU consists of an Out-of-Order (OoO)
CPU that resembles an ARM Cortex A72. Our application of inter-
est is ORB-SLAM3 [12, 61] processing the KITTI odometry bench-
mark [33] sequences. We compare the performance, energy effi-
ciency, and accuracy of three versions of this application:

• Baseline: Original version of ORB-SLAM compiled for
ARM.

• SoftwareCaching: we developed a software cachingmech-
anism (described in Section 2.5) that computes BRIEF signa-
tures of image regions and reuses previously cached results
based on their similarity. This mechanism performs cache
lookups on the backend CPU, and hence, it needs to read
all the image regions from the main memory.

• 𝜹LTA: A modified version of ORB-SLAM that incorporates
the 𝛿LTA camera interface. This modification enables the

reuse of computations from previously processed similar
regions, avoiding access to such regions and eliminating
software cache lookups.

To evaluate the accuracy, we saved the ORB-SLAM trajectories
for all the experiments performed with the three ORB-SLAM ver-
sions and used the Evo [35] tool to assess the accuracy using the
original ORB-SLAM version trajectories as reference. We also em-
ployed an interpolation method based on ffmpeg [25] to increase
the FPS of KITTI sequences.

We complemented the performance evaluation with energy con-
sumption and area estimations. We estimated the 𝛿LTA unit power
and area using the Synopsys suite [76] and a 14nm cell library to
analyze its RTL description. Additionally, we used CACTI [62] to
calculate the new BRIEF Signature Buffer (SB) power dissipation.
Moreover, we employed DRAMsim3 to get the power estimations of
the main memory. For the Backend CPU, we employed McPAT [47]
for 32nm using the statistics gathered with gem5. To unify results
in a single technology node, we scale the data reported by McPAT
and CACTI to 14nm using the methodology described by Stillmaker
et al. [75].

Table 1 shows a summary of the main simulation parameters of
the baseline platform.

Table 1: Baseline platform simulation parameters.

Component Properties

ISP 700 MHz, 150mW, 10ms latency
CPU OoO ARM 64-bit, 3GHz, 3-wide fetch, 8-wide issue

90/256 int/float physical registers, 128-bit NEON vector
Memory L1: 32KB (I), 2-way + 32KB (D), 2-way;

L2: 1 MiB, 16-way; Main Memory: 8GB, DDR3-1600

5 EXPERIMENTAL RESULTS
In this section, we evaluate the effectiveness and efficiency of 𝛿LTA
and compare it with a Software Cache (SC) mechanism, a state-of-
the-art approach introduced in Subsection 2.5 (i.e., Deepmon [40]).

In our localization experiments, we utilize a static threshold
established before execution. We have modified ORB-SLAM to
disable SC and 𝛿LTA during system initialization, relocalization, or
tracking loss. Furthermore, we conservatively mask regions that
contained at least one feature in the preceding frame.

We use the terms SC-TH and 𝛿LTA-TH to refer to the SC or the
𝛿LTA scheme with a threshold value of TH. As for benchmarks, we
use all sequences of the KITTI dataset.

5.1 Region Coverage and Accuracy Analysis
Figure 12a presents the average percentage of regions our method
deems similar while the localization application processes the KITTI
dataset. The lower the threshold, the higher the percentage of simi-
lar regions. This increased region coverage not only enhances the
efficiency of the system but also enables it to process more relevant
data in real-time.

On the other hand, it is crucial to maintain the accuracy of the
application. We assessed the localization accuracy compared to
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Figure 12: (12a) Percentage of similar regions. (12b)Maximum
Absolute Pose Error (APE) for different thresholds.

the Baseline using the Absolute Pose Error (APE). APE serves as
a key performance metric for localization algorithms, measuring
the difference between the ground truth pose and the estimated
pose at each time step. High localization accuracy is essential, par-
ticularly for AD systems that require centimeter-level precision.
Consequently, we report the maximum APE as our central accuracy
metric since a single incorrect critical estimation can significantly
impact the user experience. Figure 12b presents the maximum APE
for all KITTI sequences. We can see that our method introduces
no error for threshold values up to 0.7. For 0.7, there are no er-
rors except for sequence 02, which incurs a minor error of half
a centimeter in the worst case. Higher thresholds begin to incur
some non-negligible errors, so we conclude that 0.7 is the most
appropriate threshold and is the one adopted by our experiments
unless otherwise indicated.

5.2 Latency Analysis
To evaluate the performance of our proposed solution, we examine
the end-to-end latency and the 99th percentile tail latency of the
CV pipeline, excluding the image sensor. Tail latency is paramount
in the context of AD systems since they have extreme constraints
regarding response time. Figure 13a illustrates the normalized av-
erage latency, comparing the Baseline, SC, and 𝛿LTA. Figure 13b
depicts the tail latency. To measure the overheads of the different
approaches, we also evaluate both 𝛿LTA and SC with a threshold
of 1, representing a scenario where minimal region reuse occurs
(approximately 0.53%, when the camera stops). In this case, the
benefits offered by these schemes are negligible.

Our experiments led to several conclusions. SC’s benefits are
minor in average latency and practically null in tail latency when
not harming it (SC-1, 0.9, and 0.8). The overhead of cache mainte-
nance and lookups offsets the reuse benefits, leading to a negative
impact on the worst-case response of the system, which in turn can
introduce safety concerns in mission-critical scenarios such as AD.

On the other hand, 𝛿LTA introduces no overhead since other ISP
tasks entirely hide its latency. Our proposal greatly outperforms SC
mechanisms in both average and tail latency reduction. It achieves
an average latency reduction of 15.22% and a tail latency reduction
of 7.2% over the Baseline, as well as an average latency reduction
of 9.15% and a tail latency reduction of 7% over SC.
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Figure 13: Comparison of Normalized Latencies (13a), Nor-
malized Tail Latencies (13b), and Normalized Energy (13c)
for Baseline, Software Caching (SC), and 𝛿LTA.

5.3 Energy Analysis
Figure 13c compares energy consumption among the Baseline, SC,
and 𝛿LTA configurations. 𝛿LTA achieves a 17% reduction in energy
consumption compared to the Baseline and a 11% reduction com-
pared to the SC scheme. These results emphasize the advantages
of decoupling camera sampling from processing. The additional
energy savings of 𝛿LTA come from fewer ISP and CPU FB accesses
and a more energy-efficient implementation of similarity detection.

5.4 Frame Rate Scaling Analysis
In this section, we examine a central advantage of 𝛿LTA when pro-
cessing higher camera frame rates, something to expect in future
systems. Figure 14a illustrates how frame-to-frame similarity in
a given scene increases as the frame rate ascends (without mask-
ing regions). Increasing the frame rate reduces the time between
samples, leading to fewer changes and, thus, more similarity.

We study the backend workload response of our proposal when
scaling up the frame rate and compare it to Baseline. We assume
ideal conditions, meaning no ISP, main memory, or backend CPU
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Figure 14: (14a) Percentage of region coverage for different
camera rates. (14b) Amount of computations required when
increasing frame rate.

bottlenecks, allowing the system to process arbitrary amounts of
pixels. Figure 14b shows the results of this sensitivity experiment.

In the Baseline system without 𝛿LTA, the backend must access
all image pixels, resulting in an increased workload as the camera
frame rate grows (see blue line in Figure 14b). While a SC mecha-
nism can assist the system in skipping some computations to exploit
the similarity increase, it does not eliminate the need for processing
the images. In more realistic scenarios, the inherent overhead of
the SC would eventually become dominant, hindering the system’s
ability to function and even resolve SC hits in real-time. Thus, the
Baseline backend workload depends on the camera frame rate, and
it not only constrains the system’s real-time responsiveness but
also misses potential opportunities for energy savings.

In contrast, the 𝛿LTA-equipped system discards redundant image
regions based on similarity, which for a given scene becomes more
frequent as the frame rate increases. Beyond a certain point, more
samples do not provide more relevant information about the scene;
therefore, the number of distinct regions the backend needs to
process eventually stagnates (see green line in Figure 14b). As
demonstrated, our proposal enables CV SoC to break the backend
workload dependency from camera sampling, allowing it to adjust
the processing rate based on the amount of information in the
captured scene.

5.5 Area and Power Analysis
We assess the area and power costs of 𝛿LTA using the approach
described in Section 4, considering that the 𝛿LTA unit supports up
to Full HD resolution (standard nowadays).

𝛿LTA introduces a minor area overhead of 0.122𝑚𝑚2 due to the
ISP augmentations. The main area overheads come from the ∼64KB
for the Signature Buffer to store BRIEF descriptors and the ∼60KB
for the 2D line buffer. This area overhead is negligible compared to a
typical SoC area, such as the 100𝑚𝑚2 of a Mediatek A72 cluster [59],
the 88𝑚𝑚2 of Apple A14 [83], or the 350𝑚𝑚2 of Nvidia Xavier[64].
𝛿LTA dissipates 50mWmainly due to the 2D Line Buffer that needs
to read and write several pixels during ISP processing.

6 RELATEDWORK
Improving the performance of CV systems has attracted the re-
search community’s attention in recent years. Localization, object

recognition, and object tracking represent three major active re-
search areas for visual applications.

Feature-based localization methods have gained significant at-
tention in autonomous machines, robotics, and Augmented Real-
ity/Virtual Reality applications [27, 45, 77, 88]. Key developments in-
clude localization/registration [29], Visual-Inertial Odometry (VIO)
[70], and Simultaneous Localization and Mapping (SLAM) [12, 24,
26, 61]. The recently published SOFT2 [19] visual SLAM system
currently ranks at the top for the KITTI [33] dataset, surpassing
even high-cost lidar-based alternatives. Its great performance moti-
vated our choice of a visual localization application to demonstrate
the advantages of 𝛿LTA.

Substantial research has leveraged deep learning for mobile ob-
ject recognition and object tracking. Multiple optimizations have
been proposed, including the use of simplified models [39, 71],
model compression techniques [18, 37, 60], quantization meth-
ods [34, 43], and specialized hardware support [1, 15, 44, 68, 74].

Like 𝛿LTA, several prior developments have capitalized on tem-
poral and spatial redundancies in real-time frames to reduce compu-
tational complexity. These approaches can be divided into software
and hardware categories.

Numerous software-based solutions function as a service, acting
as a cache to minimize system-wide computational redundancy
in concurrent vision applications, as described in Section 2.5. In
contrast to these previous works, our approach offloads similar-
ity computation and matching to the ISP rather than relying on
CPU/IP calculations. We proposed an efficient similarity detection
overlapped with other ISP stages that, unlike other works, ensures
that the overhead of 𝛿LTA remains minimal even in the worst-case
scenario.

Some previous innovative hardware solutions also capitalize
on temporal/spatial redundancies in real-time frames to stream-
line computations on mobile CPUs [23, 58, 72]. PVF [31] harnesses
the predictability of CV streams to introduce a speculative vision
pipeline. This pipeline allows the frontend to predict future frames,
scheduling them speculatively into the SoC’s heterogeneous IPs.
When the actual frame arrives, the systems assess the predicted
and actual frames similarly; if similar, the corresponding IP process-
ing of the predicted frame may have already finished, minimizing
frame latency. While our scheme decouples camera sampling, PVF
decouples frontend processing from vision computation through
speculation. PVF can be seamlessly integrated with our frontend
concept by predicting frames and speculatively processing only dis-
tinct regions, estimated with our scheme. Other proposals exploit
motion vectors derived from classical optical flow methods [8] or
hardware codecs [87] for CNN inference for object detection and
tracking. These approaches can be merged with our novel fron-
tend interface to perform partial inference and avoid redundant
processing.

Euphrates [92] employ motion information collected from high-
end ISPs to bypass CNN inference for specific frames. The system
performs full inferences of a subset of frames and uses the motion
vectors extracted from the ISP to predict the results for the inter-
mediate ones. Specifically, this technique translates the bounding
boxes to their new positions based on the direction and magnitude
of the perceived motion. However, this approach faces a critical
issue: new objects entering the scene during frames with motion
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vector updates might go undetected. Combining Euphrates with our
technique can overcome this limitation. For intermediate frames,
if 𝛿LTA frontend identifies a significantly changed region distant
from a previously detected object, it could mean that a new entity
entered the scene, which must trigger a full inference. This com-
bined technique could use motion vectors to estimate results for
the 𝛿LTA-detected distinct regions and reuse previously cached
computations for the rest. Euphrates relies on high-end ISPs with
costly motion denoising, which can increase the frontend’s cost
and power dissipation. Some works suggest using simplified ISPs or
working directly with RAW image data for computer vision [9, 21].
Unlike these previous works, our approach is versatile, imposing no
assumptions on the data; it can be adapted to processing RAW data
or integrated into a simpler ISP with small hardware extensions.

Autonomous driving represents a highly active research area
where real-time, accurate, and energy-efficient vision systems are
crucial and challenging [46, 51, 52, 89]. Innumerable solutions have
been proposed in recent years to optimize the feature-based local-
ization discussed in this work, including ASICs [79, 80], FPGAs [53],
frameworks for automatically generating synthesizable accelera-
tors [55], and accelerator-host communication approaches [78].
Another vital research direction involves multi-sensor fusion, such
as camera-IMU fusion [30, 91]. All these prior solutions are comple-
mentary and can be enhanced when integrated with our proposal,
optimizing their computations through the 𝛿LTA frontend. On the
other hand, our work could be extended by leveraging IMU data to
fine-tune the threshold used for similarity computations.

Framebuffer compression is another related technique. Industrial
examples include ARM AFBC [3], Imagination IMGIC [41], AMD
DCC [7], and Chips&Media CFrame [17]. These proprietary tech-
niques require decompression before processing by the consumer
IP, implying that they do not discard redundancies or communicate
with the IP about them. Compression reduces the energy consump-
tion of the frame transmission but does not decouple the frontend
from the backend like 𝛿LTA does. Besides, delta encoding lossless
compression, one of the most popular industry choices for these
techniques [7, 69], can straightforwardly complement 𝛿LTA by
compressing the distinct regions detected by the ISP.

In summary, while other techniques focus on specific use cases or
localized optimizations, our approach offers broad versatility, inte-
grating with both existing and new CV solutions. 𝛿LTA uniquely ex-
ploits CV pipeline optimization opportunities by harnessing frame-
to-frame similarity and innovatively isolating the backend process-
ing from the camera sampling rate. Our scheme’s efficiency and
flexibility position it as a significant forward step in CV SoC design.

7 CONCLUSIONS
In this paper, we proposed 𝛿LTA (𝜹ont’t Look Twice, it’s Alright),
a novel frontend that decouples the camera frame rate from the
backend processing rate by augmenting the camera with the ability
to discard redundant image regions while notifying the backend of
the specific image areas that exhibit substantial changes compared
to the preceding ones.

Our evaluation shows that our proposal can significantly reduce
the data sent downstream while maintaining high accuracy. Our
approach reduces the application latency by 15.22% and its energy

consumption by 17%, significantly improving the performance of
CV pipelines even in worst-case scenarios. We also show that 𝛿LTA
enables systems to process higher sampling frame rates by focusing
solely on processing the valuable visual information, which en-
hances general responsiveness. Consequently, solutions like 𝛿LTA
are notably promising for emerging critical applications such as
AD or AR/VR. Finally, our work also exemplifies the potential for
optimizations in modern vision pipelines, including the ISP, when
carefully considering its holistic end-to-end operation perspective.
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