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ABSTRACT The design of automated driving systems is of growing industry and societal interest. Perception
is a critical technology for these systems, which allows a vehicle to discern the surrounding environment. Per-
ception systems in automated vehicles frequently use machine vision algorithms; however, the performance
of a machine vision algorithm critically depends on the quality of the data provided. Quantifying the ‘quality’
of image data is therefore potentially a useful tool in understanding and predicting the performance of a
machine vision system. This study uses the Shannon Information Capacity, a metric based on information
theory, to evaluate the impact of image quality on a perception algorithm. In this preliminary study, a set of
synthetic objects are arranged to create a novel simulated test chart. The chart contains standard machine
vision objects of interest (people and cars) as well as a slanted edge, which is used to calculate image quality
metrics. The chart is degraded using varying levels of contrast and blur to simulate different real-world
operating conditions. Object detection performance is then evaluated using a range of deep learning-based
detection algorithms, with different architectures. The results indicate that Shannon Information Capacity has
the potential to predict machine vision performance across multiple model architectures and object types. For
example, the results for all the models show that accuracy remains relatively constant above an SIC value of
0.25 b/p. Results indicate that for YOLOv10 m SIC has mutual information value with detection accuracy of
1.66 bits while MTF50 has a score of 0.4945 bits. This study is the first to show the correlation between SIC
and machine vision performance. While other metrics have been previously shown to have some correlation
with machine vision, the correlation shown by SIC is much stronger. The findings presented may be of use
to designers of autonomous driving systems and automotive camera manufacturers.

INDEX TERMS Automated Driving, ADAS, Image Quality, Machine Vision, Object Detection, SIC.
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I. INTRODUCTION

In recent years, there has been a move towards improving road
safety, and many countries and cities worldwide have adopted
a vision zero policy [1], [2], [3] in an effort to reduce road
fatalities and serious injuries. The European Union’s SAFE-
UP project is proactively developing active and passive safety
systems for future autonomous vehicles (AVs) [4]. This trend

towards automated driving and the implementation of driver
assistance features can be seen in many large economies and
car-centric countries [5].

To match the growing interest in automated mobility, Orig-
inal Equipment Manufacturers (OEMs) have invested heavily
in the research and development of ADAS and associated
technologies. Due to rich spatial data and low cost, visible
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spectrum cameras are a vital technology in automotive sensing
systems. The uses of cameras in vehicles can be broadly split
into two categories: human assistive driving applications, such
as reversing cameras used by the driver, and machine percep-
tion applications, such as automated lane keeping assistance.
This study is concerned with machine perception.

Machine vision has emerged in recent years as a key
technology in many industries, and while image quality re-
quirements for the human visual system are well established,
there are a lot of questions that remain to be answered about
image quality for machine vision.

Automotive camera manufacturers seek to be able to guar-
antee a certain level of overall system performance given
a camera with particular specifications. In this context the
perception capability of a system must be quantifiable. The
non-deterministic nature of machine learning (ML) networks
is not consistent with the V-model of software development
commonly used in the automotive industry [6], which allows
for the explicit testing of each layer of functionality of a sys-
tem; hence, metrics appropriate for use with machine learning
systems are required.

An effort is being made by academic and industry re-
searchers to address the problem of system verification, i.e.,
given that the V-model falls short when it comes to ML,
what other methods/metrics could be used to verify system
performance. There is currently much interest in Explainable
Al (XAI) models, and tools and methodologies are being
developed which aim to enable human users to understand
and appropriately trust Al models [7]. Some areas of research
in XAI are dimensionality reduction, principal component
analysis, Decision Trees, model evaluation metrics, and Con-
trastive explanations methods. These techniques can improve
visualization and interpretation of Al models. At the same
time, image quality is often overlooked as a factor in explain-
ing Al behaviour in Al systems that use image data as input.
This study aims to bridge this gap. The IEEE P2020 Working
Group oversees the standardisation of image quality measure-
ment in the automotive industry. One of the topics that falls
under the remit of this group is image quality metrics suitable
for computer vision-based systems [8]. Image quality require-
ments for the human visual system is a much explored topic
and the associated metrics are well defined, however the same
cannot be said of image quality requirements for machine vi-
sion. Machine vision is a rapidly expanding research area and
the image quality requirements of MV applications is a current
topic of interest. MTF50 [6] is commonly and historically
used to define camera quality however, MTF50 is primarily a
measure of resolution which generally corresponds to human
perception of image sharpness but overlooks other highly rel-
evant image quality factors such as noise which might impact
MYV tasks differently than human perception. A further point is
MTF assumes that the system under test has a linear response
to changes in optical quality and neural networks often have
non-linear feature sensitivity. A large volume of work has
been carried out on image quality and ML-based perception;
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however, a clear metric that correlates the two has yet to
emerge.

This study addresses this gap by investigating the rela-
tionship between an information-based image quality metric,
the Shannon Information Capacity (SIC) [9], [10], and object
detection performance.

Previous work in [9] and [10] has identified the value of
correlating camera information capacity, C, with the perfor-
mance of machine vision and artificial intelligence systems.
This study presents the results of a controlled experiment
investigating this relationship in controlled conditions.

In this study, an ideal slanted edge, and controlled ob-
ject detection targets with low variation are used in order to
ensure objective results, with minimal influence from con-
founding variables. Correlating image quality and machine
vision performance is a complex task. Image quality metrics
are typically measured under lab conditions using a test target,
while machine vision performance metrics are measured from
the output of a machine vision task such as object detection or
semantic segmentation. In this study, SIC is measured from a
slanted edge target, and object detection is used as a represen-
tative machine vision task. Since image quality and machine
vision performance are measured using different targets, it
should be a goal that the environmental conditions during cap-
ture are similar for both targets. Matching these environmental
conditions can be difficult in real world scenarios where real
world conditions such as adverse weather and lighting can
have a significant impact. This study addresses this challenge
by using a synthetic target, free from any real-world optical
aberrations arising from lighting conditions, camera pose,
and environmental noise, to establish a baseline relationship
between SIC and object detection performance. The target
presented allows for the simultaneous measurement of both
MTF, SIC and object detection performance in a controlled
way.

The key contributions of this study are as follows:

1) Design of a novel imaging target that can be used
to simultaneously measure IQ and machine vision
performance.

2) Development of an experimental methodology to evalu-
ate the correlation between image quality and machine
vision performance.

3) Experimental results that demonstrate the potential of
using SIC for the prediction of downstream perception
performance.

The rest of the paper is structured as follows: Section II
summarises related works, Section III outlines the methodol-
ogy, Section IV presents results, Section V is the discussion,
Section VI is the conclusion.

Il. RELATED WORKS

The idea of defining the quality of an image is not new. Since
Nicéphore Niépce captured the first permanent photograph
in 1822, photographers have been observing and identifying
image quality attributes. Phillips and Eliasson [27] give some
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TABLE 1. Summary of Studies Addressing Image Quality for Machine Vision

Study Year  Metric Machine Vision Task
Geese et al. [11] 2018 CDP Proposed only
Geese et al. [12] 2020 CSP, CDP Proposed only
Jenkin [13] 2019  CDP, Detectibility Index Proposed only
Jenkin [14] 2020 CDP Proposed only
Jenkin et al. [15] 2021  CDP, CSNR Proposed only
Klien et al. [16] 2023  CDP, CSNR, FCR OCR

Skorka et al. [17] 2020  SNRi Proposed only
Gong et al. [18] 2024  Michelson Contrast Proposed only
Koren [10] 2024  SIC, SNRi Proposed only
Keelan et al. [19] 2016 NEQ Proposed only
Dodge et al. [20] 2016  Contrast, Noise, Blur Classification
Geever et al. [21] 2024  MTEF, CDP Object Detection
Gummadi et al. [22] 2023  PSNR, SSIM, DSS, VIF, BRISQUE  Object Detection
Kong et al. [23] 2019  PSNR, SSIM, predicted rFDA Object Detection
Liu et al. [24] 2023 MTF Object Detection
Muller et al. [25] 2023 MTF Object Detection
Muller et al. [26] 2025 MTF50 Object Detection

MTF: Modulation Transfer Function; CDP: Contrast Detection Probability; CSP: Colour Separation Probability; CSNR: Contrast Signal-to-Noise
Ratio; FCR: Frequency of Correct Resolution; SNRi: Signal-to-Noise Ratio of the Ideal Observer; SIC: Shannon Information Capacity; NEQ: Noise
Equivalent Quanta; PSNR: Peak Signal-to-Noise Ratio; SSIM: Structural Similarity; DSS: DCT Subbands Similarity; VIF: Visual Information Fidelity;
BRISQUE: Blind/Referenceless Image Spatial Quality Evaluator; rFDA: Revised Frame Detection accuracy.

of the following as key image quality attributes: colour, noise,
exposure, dynamic range, and sharpness. As imaging systems
became more common, it became necessary to define numeric
based objective image quality metrics. The Johnson Crite-
ria [28], [29] is an early example of an image quality metric.
It is a measure of the probability of detection of an object
in an image. Object detection remains a key task in many
imaging systems, whether they be based on human vision
or machine vision; hence, metrics that can predict machine
vision performance are of particular utility.

Some research has been conducted on the topic of correlat-
ing image quality and machine vision performance [10], [11],
[12], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23],
[24], [25], [30], [31]. These are summarised in Table 1. It
can be seen from this table that some studies propose metrics
but do not provide experimental evidence of their ability as
predictors of machine vision performance. Gummadi et al.
notes that while there are several studies which use ML to
evaluate IQ, there is a lack of literature in the application of IQ
metrics to evaluate machine learning based image processing
tasks [22]. Equally, some studies introduce new metrics with
the specific aim of being used to predict algorithm perfor-
mance based on image quality. However, while these studies
do provide useful information, a clear trend of predicting
model performance as a function of image quality has yet to
emerge. As a further remark, the metrics listed in Table 1 can
broadly be divided into two categories: Full-reference and No-
reference. Full-reference 1Q metrics calculate a quality score
by comparing a given image with some distortion applied to
a reference (distortion-free) version of the same image. Ex-
amples of Full-reference metrics include PSNR, SSIM, DSS
and VIF. A No-reference 1Q metric calculates a quality score
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based on image attributes alone, without the requirement for a
clean reference image. Examples of No-reference 1Q metrics
include MTF, CDP, CSNR, NEQ.

The studies outlined in Table 1 largely focus on signal-
related metrics, or metrics that utilise high-level structures in
the images (such as SSIM). Dodge et al. show how Al perfor-
mance changes as a result of various kinds of degradation. The
networks are shown to be very resilient to JPEG compression.
Only when JPEG quality is less than 10 does Al performance
degrade significantly from an accuracy of 80% at JPEG 10 to
an accuracy of 20% at JPEG 2. The jpeg quality parameter
reduces file size and visual image quality. The models are
shown to be very sensitive to blur [20].

There has not yet been a comprehensive study that directly
evaluates SIC as a predictor of machine vision performance.
As SIC is a no-reference 1Q metric, this gives it a potential
advantage in scenarios where a reference image may not be
available, such as for use in on-board calibration. For ex-
ample, in operation in the field, if distortion is introduced
by e.g. the lens or other factors, there is no reference image
to compare the distortions against, so full-reference metrics
cannot be used.

Machine learning has become an integral element of cam-
era based driver assistance systems and autonomous driving
applications. The validation and verification of these systems
remains a significant challenge [6]. Braun notes that in mass
production of cameras there is a requirement for guaranteed
performance, but the correlation between the opto-mechanical
tolerance calculation and the functionality of the system is
difficult to establish [6]. Further Miiller and Braun suggest
that the current methods of image quality evaluation in cam-
era production, using a fixed MTF threshold require further
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development to be better able to predict Al performance. They
found that a change in optical quality may result in a change
in MTF values but not in the Al performance metrics. Two
different degradation algorithms yielded quite different MTF
values of 22% and 40 % @ 0.2 cy/px while the confidence
of a particular pedestrian detection yielded scores which were
very close, 91.3% and 90.2% respectively [25]. On the other
hand Liu et al. found large variation in object detection scores
for the same MTF50 value [24].

Several other metrics have been proposed for use in eval-
uating automotive image quality. Geese et al. proposes using
CDP and CSP in addition to the conventional 1Q KPIs. [11],
[12]. Jenkin et al. also presents CDP as useful addition to
the automotive KPI toolbox [13], [14], [15], and while CDP
does show decent correlation with other IQ related metrics,
these studies do not show correlation with machine learning
outputs. Klein et al. notes that both CDP and CSNR are depen-
dant on threshold values, however little study has been done
on the choice of threshold values for a particular scene. Klein
et al. suggests that a new metric is required which includes
both spatial frequency information and contrast reproduction
ability of a system [16].

Ill. METHODOLOGY

This section outlines the tools and methods used to gather the
results. The following sub-sections summarise A) the calcu-
lation of MTF, which is a commonly used IQ metric, and is
used as reference in this work; B) calculation of the Shannon
Information Capacity (SIC); C) summarises the target used;
D) details the perception algorithms used; E) summarises the
machine vision performance metrics; F) explains the experi-
mental pipeline; G) provides details of a complex background
version of the target.

A. MODULATION TRANSFER FUNCTION
The Modulation Transfer Function (MTF) has long been a
standard measure of sharpness in images [27]. Sharpness
has been identified as a key attribute that determines image
quality, and edge sharpness essentially determines how easily
discernible an object is in a scene. The MTF of a camera is
a function of spatial frequency; hence is also known as the
spatial frequency response (SFR). MTF has been adapted into
the IEEE 2020 standard for use in evaluating the technical
performance of cameras in terms of its spatial resolution. The
standard also notes The SFR measurement does not neces-
sarily assure the capability of the system to transfer desired
spatial information under all circumstances [32]. A widely-
used measure derived from the MTF is MTF50 which is
a single value metric calculated as the spatial frequency at
which MTF is 50% . Imaging systems are often tuned to
achieve a specified MTF50 score however tuning a system for
MTF50 does not necessarily lead to overall improved image
quality [32].

A common way to measure MTF is using the slanted edge
method [34]. ISO 12233 [35] is an international standard
that details how MTF can be calculated from a slanted edge,
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FIGURE 1. Imatest implementation of Edge SFR chart 1S0:12233 [33]. (A)
Horizontal and Vertical Slanted Edges, used to measure SFR. (B) Grayscale
stepchart used to measure noise. (C) Low and high-frequency wedges used
to measure aliasing. (D) Colour chart used to measure Colour accuracy.

Red

Green
Blue
Luminance

MTF

N X T~ —— e S—
0
0 0.1 0.2 0.3 0.4 0.5
Spatial Frequency

FIGURE 2. An example Spatial Frequency Response acquired from an
image of the chart shown in Fig. 1. The four channels, red, green, blue and
luminance refer to the color channels and the overall brightness of the
imaging system. It can be seen that for this particular imaging system,
there is a steep drop off at around 0.1 cy/px. The SFR retains higher values
in the regions of low spatial frequency.

such as the one included in the standard test target image
shown in Fig. 1. A number of MTF-based metrics are com-
monly extracted from this chart, including: MTF 50, MTF
10, Nyquist/2, Nyquist/4. Fig. 2 shows an example SFR. The
shape of the SFR curve varies between systems, but they
normally follow a trend of high values (better preservation of
contrast) at lower spatial frequencies, a drop off, and then a
gradual decline towards 0 at 0.5 cycles/pixel.

MTF is the most commonly used metric to measure the
‘sharpness’ of an optical system, and it is common practice
in the automotive industry that before a lens is released to
the market it must meet a threshold MTF value [25]. Muller
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and Braun [25] discuss the link between MTF and Al perfor-
mance, and observe that subtle differences in optical quality
are not sufficiently reflected by the MTF. [37]

B. SHANNON INFORMATION CAPACITY

A comprehensive summary of information-based metrics for
imaging purposes is presented by Koren, in [9]. For conve-
nience, SIC is presented in the context of this study. Some
of the metrics as described in [9] are based on Shannon’s
Information Theorem [38], [39]. Shannon’s work was done in
the context of a communication system, however, the theories
and principles proposed by Shannon are also applicable to an
imaging system. Channel Capacity is given in the Shannon-
Hartley equation:

S
C = Blog, (1+ﬁ) (1)

where C is channel capacity, B is the available frequency
bandwidth, S is signal power and N is noise power. The
Shannon Hartley equation can be expanded to a more general
form (used in this study) which allows for an SNR which is
not constant across the frequency bands given as follows:

v S(f))
C= /0 log (1 + N f)))) @)

where C is channel capacity, W is the available frequency
bandwidth, S(f) is signal power and N(f) is noise power. S(f)
and N(f) are functions of frequency. In an imaging system
W will be 0.5 bits/pixel, the Nyquist frequency. Both signal
power and noise power can be calculated from the slanted
edge, with the calculations described in detail in [10]. Signal
power is based on the line spread function, the difference in in-
tensity between the light and dark patches in the image. Noise
power is given as the variance of the line spread function, as
follows:

N(x) = o2(x) 3

N(x) is a function of a scan line in the horizontal direction
where x is a particular scan line. N is approximated as the
mean of N(x) across the entire line spread function.

N = mean(os2 (x)) 4)

Signal power is calculated using the MTF of the edge and
the peak to peak voltage (V,—,). MTF is usually normalised
between 0 and 1, as shown in the example in Fig. 3. V,,_,
is the difference between the maximum and minimum voltage
amplitudes of the slanted edge. S(f) is given as the average fre-
quency dependant signal power S, (f). Below is the equation
for signal power:

Save(f) = (Vo pMTF (f))?/12 5)

C. TEST TARGET

A new target was created specifically for this study. The target
allows for the simultaneous measurement of relevant image
quality metrics and object detection performance. The target is
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FIGURE 3. Calculation of MTF from imaging a slanted edge. Signal power
is a function of the difference between the light and dark patches on
either side of the edge, and the MTF [36]. MTF(c) is derived by applying the
Fourier transform to the derivative (b) of the edge spread function (a) to
give the spatial frequency response of the system.

FIGURE 4. Custom target developed for this study, featuring object
detection targets and a rotated square that provides a slanted edge from
which the 1Q metrics are calculated. There are four object detection
targets, of different sizes: 1) A front-view pedestrian; 2) A side-view
pedestrian; 3) A car; 4) A cyclist.

free from any real world optical aberrations arising from light-
ing conditions, camera positioning and environmental noise.
As this study is intended to establish the basic nature of the
relationship between SIC and object detection performance,
using a simple target allows the fundamental relationship
to be exposed between image quality and machine vision
performance, while minimising the number of confounding
variables to be managed. Fig. 4 shows the target used for this
experiment.

The target features a large rotated square and several objects
that are commonly encountered in an automotive environ-
ment, including two pedestrians in different orientations, a car,
and a cyclist, of different sizes. In total, the chart contains 105

VOLUME 7, 2026



IEEE Open Journal of

Vehicular Technology

TABLE 2. Breakdown of Target Objects

Group No. Instances Max. Height (px) Min. Height (px)
Person 1 28 172 35
Person 2 33 189 27

Car 19 142 15
Cyclist 25 182 4

TABLE 3. Object Detection Models, Representing a Cross Section of
Commonly Used Architectures

Model Backbone Stages Params(M) Input Size Year
YOLOvIOm  CSPDarknet 1 15.4 640 x 640 2024
YOLOv1On  CSPDarknet 1 2.3 640 x 640 2024
Faster RCNN  ResNet50 FPN 2 41.8 320 x 320 2016
RT-DETR HGNetV2 1 32 640 x 640 2023

distinct objects. The breakdown of these objects is shown in
Table 2:

The target was generated digitally by placing the objects on
a plain background. The objects decrease in size from left to
right. The target is free from optical aberrations, which would
be present in a camera lens, thus allowing for greater control
over the quality of the image, and removing some confound-
ing factors, i.e. changes in the performance of the machine
learning model can be attributed to a change in the imaging
pipeline. It is known that small perturbations to an image can
yield significantly different performance of models [40], [41].
The approach towards controlling the imaging pipeline elim-
inates some of the uncertainty typically present in real-world
scenarios, where the complex interplay of variables such as
lighting conditions, camera positioning, and environmental
noise can significantly affect outcomes.

D. OBJECT DETECTION MODELS

Deep-learning-based algorithms are currently the most com-
mon means of performing Detection, Recognition, and Iden-
tification (DRI) tasks in automated driving. There are several
approaches to applying deep learning to object detection, with
single-stage, two-stage, and transformer-based object detec-
tion models being commonly used. Arkin et al. [42] analysed a
selection of common object detection algorithms. This survey
noted that CNNs are mature in object detection tasks and
will continue to have an important role in object-detection
applications for some time, despite developments in vision
transformers. A cross-section of the current deep-learning
object detection architectures was selected as the primary
focus of this study. All the models used in this study were
pre-trained on the well-known COCO dataset [43]. Transfer
learning was not used due to the low variation in the generated
data (since a relatively constrained target was used), which
may result in overfitting. The architectures used are given in
Table 3 and are described in more detail here.

VOLUME 7, 2026

1) YOLOV10 M AND YOLOV10N

The YOLO algorithm was first proposed by Redmon
et al. [44]. It uses a single-stage architecture rather than
a two-stage approach but achieves good performance, even
compared to two-stage algorithms. It has been shown to gen-
eralize well across domains, and its performance and speed
render it suitable for time-critical applications such as auto-
mated driving tasks. Several iterations of YOLO have been
released since its introduction. This study uses YOLOV10,
which is competitive among other recent single-stage detec-
tors [45]. The implementation used in this study is a pretrained
model from Ultralytics. Two variants are used in this study.
YOLOV10 m is a larger model with 15.4 million parameters,
whereas YOLOV10n is a small model with 2.3 million pa-
rameters parameters [46]. These were chosen to examine how
the number of tuneable parameters in a model might affect
performance.

2) FASTER R-CNN

Faster R-CNN is a common and robust two-stage detector.
This algorithm improves on the previous two-stage detectors
Fast R-CNN and R-CNN [47], [48]. It uses a region proposal
network (RPN) to reduce the computational complexity of de-
termining regions of interest. Typically, two-stage algorithms
are not suitable for real-time applications because of their
slower inference speed; however, their accuracy tends to be
higher. Therefore, depending on the real-time needs of the
application, they remain useful. The accuracy of the model
varies depending on the backbone used. The backbone used in
this study is ResNet50 FPN, proposed by Lee et al. [49], and
shown to have excellent performance. The implementation
used in this study is the pre-trained model from PyTorch-
Torchvision [50].

3) RT-DETR

The use of transformer networks to handle various computer
vision tasks has become more widespread in recent years [42].
They offer a more streamlined architecture and fewer hand-
designed components, with performance comparable to that
of other commonly used models. DEtection TRansformer
(DETR) is a commonly used transformer architecture intro-
duced by Carion et al. [51]. Despite their performance, a
disadvantage of traditional transformer architectures such as
DETR is their high computational cost, especially compared
to YOLO. Zhao et al. [52] proposed a Real-Time DEtection
TRansformer (RT-DETR), a transformer network optimized
to perform inference at speeds comparable to those of a YOLO
network. This algorithm is used in this study, with the imple-
mentation being a pre-trained model from Ultralytics [53].

E. MACHINE VISION PERFORMANCE METRICS

Two metrics are used to analyse machine vision performance.
These are described in more detail below.
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TABLE 4. Parameter Values Used to Vary the Information Content in the
Image

Values
[15, 20, 25, 30, 35, 40, 45]
[1.5,2,25,3,3.5]
[3x3, 5x5, 7x7, 9x9]
[0.1, 0.3, 0.5, 0.7, 0.9, 1.1, 1.3, 1.5, 1.7, 1.9]

Parameter

Background Level
Contrast Factor
Blur Kernel
Sigma

1) ACCURACY
A percentage score which summarises overall performance. A
prediction is considered correct if its bounding box has an IoU
greater than 0.5 with a ground truth bounding box. accuracy
is given as a percentage and is calculated as follows:

Number of correct predictions

= 6
aceuracy Total predictions ©

2) CONFIDENCE
A numeric score associated with a bounding box between 0
and 1. The confidence score is a combination of two indepen-
dent confidence scores.

Objectness Score: Probability that the bounding box con-
tains an object.

Class Score: Probability that the object belongs to a given
class.

F. PROCESSING PIPELINE

The approach used in this study is to artificially vary the SIC
of test images, then test object detection performance at each
level of SIC. The parameters used to vary SIC are contrast
and blur. Increasing contrast will result in a higher signal
power but can also introduce noise. Increasing blur will reduce
noise, but may also cause the SFR to fall off at lower spatial
frequencies. Contrast is controlled by two parameters:

1) Background level: the luminance value of the plain
background, i.e. the dark area upon which the objects
have been placed.

2) Contrast factor: the entire contrast range of the image
is adjusted to lie between the background level and the
background level x contrast factor.

Blur is controlled by two parameters:

1) Kernel size: specifies the size of the blurring kernel that
passes over the image. This must be an odd number.

2) Sigma: standard deviation of the Gaussian distribution
within the kernel. A larger value will result in a stronger
blurring effect.

Therefore, a total of four parameters are available to vary
image quality. Noise is then added to the image using a Pois-
son distribution, to simulate photon shot noise that occurs
in an imaging sensor [54]. The noise level does not change
throughout the experiment.

An image was generated for every combination of the pa-
rameter values, where parameter value ranges are shown in
Table 4. There are a total of 1400 permutations of the values.
Samples of the images generated are shown in Fig. 5.
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The impact of each parameter on the SIC value is shown
in Fig. 6. Each subplot shows the impact of varying one
parameter while the other three are fixed. In the case of
the background and the contrast factor, as these values in-
crease, so does SIC. An increase in the background value
also increases the magnitude of the contrast since contrast is
the product of background and contrast factor. As the blur
increases, the SIC reduces, as there is less high-frequency
information in the image.

Image quality metrics were calculated using the Imatest
Master software [55], which has implementations of MTF,
SIC, and SNRi, as outlined in [9]. The objects contained in
the test images were hand annotated at full resolution using
the Computer Vision Annotation Tool (CVAT) [56]. Inference
was run on the set of images for the four perception mod-
els: Yolov8m, Yolov8n, RT-DETR, and FasterRCNN, with a
confidence threshold of 0.01. These tests returned a set of
predictions with confidence scores, object classifications, and
bounding box coordinates. Non-max suppression was then
applied to these outputs with an IoU threshold of 0.3. The
predictions were grouped by location to determine which of
the four object types they belonged to.

G. COMPLEX BACKGROUND

The main body of work in this study uses a target with uniform
background; however, it is also worthwhile to consider how
the correlation between SIC and perception performance is
impacted when a more complex background is used. Fig. 7
shows the original target with a more complex background,
a “spilled coins” chart. The spilled coins (or dead leaves)
chart is a standard target used in measurement of image qual-
ity, consisting of stacked randomly-sized circles of varying
contrast. Spilled Coins charts are commonly used to measure
texture loss in an imaging system [57] and are part of ISO/TS
19567 [58], which deals with texture reproduction elements.
Previous literature has shown that the spilled coins target is
very close statistically to natural images, in terms of gradient
distribution, wavelet coefficients, co-occurrence values, and
power spectrum [59], [60], [61], [62], [63]. It is primarily
used to measure image quality, but its statistical similarity to a
natural scene image makes it ideal for deployment in object
detection experiments in this study. The chart used in this
study is an implementation generated using the widely-used
Imatest software, and inserted into the basic version of the
target behind the object detection features.

For this study, the original plain background was replaced
with the background of the spilled coin target and the contrast
was varied in a fashion similar to that of the main experiment.
Both information capacity and object detection accuracy were
measured at each contrast level. Blur and noise remained
constant.

IV. RESULTS

The results are divided into four sections, accuracy re-
sults, confidence results, complex background and, parameter
impact.
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Background: 45

Contrast Factor: 3.5
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Background: 45

Contrast Factor: 1.5
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Background: 15

Contrast Factor: 3.5
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Background: 15

Contrast Factor: 1.5
Blur Kernel: 3
Sigma: 0.1

Background: 45

Contrast Factor: 3.5
Blur Kernel: 3
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Background: 45

Contrast Factor: 3.5
Blur Kernel: 9
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Background: 45
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Blur Kernel: 3
Sigma: 1.9

Background: 45

Contrast Factor: 3.5
Blur Kernel: 9
Sigma: 1.9

FIGURE 5. Samples of processed images: The top row shows the impact of changing contrast parameters, and the bottom shows the impact of changing

blur parameters.

TABLE 5. Correlation Metrics for Each of the Four Models

YOLOv10m (MTF50)  YOLOv10m (SIC) YOLOv10n FasterRCNN RT-DETR
Spearman p 0.652 0.980 0.911 0.943 0.899
Spearman p-value 2.14 x 10170 0 0 0 0
95% CI [0.617, 0.686] [0.977, 0.982] [0.898, 0.922]  [0.934, 0.950]  [0.886, 0.909]
Mutual Information 0.551 1.666 1.084 1.254 0.850
R? 0.619 0.940 0.925 0.945 0.810
Vmax (max accuracy) 59.4 66.7 51.2 29.3 67.2
K (half-max accuracy) | 0.092 0.135 0.1917 0.1541 0.043
n (steepness) 3.584 1.442 3.387 1.882 0.826

A. DETECTION ACCURACY
Figs. 8, 9, and 10 use accuracy as the performance metric.
Fig. 8 plots detection accuracy against MTF50 for
YOLOvV10 m. It can be seen that initially there is a very small
number of detections followed by a sharp increase up to a
‘knee’ point, followed by a much more gradual increase. The
number of detections is quite widely spread in the y direction.
It can be seen that for a given accuracy, there is a wide band
of MTF50 values and for a given MTF50 value there is a
wide range of accuracy scores, similar to the trends described
in [25] and [24]. It is clear from Fig. 8, that MTF50, while it
does show correlation, is not precise in its ability to predict
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machine vision performance. Table 5 shows the correlation
metrics which are described in more detail below.

Fig. 9 shows detection accuracy against SIC for each of the
four object detection models. It can be seen that across the
models, there are some differences but broadly similar trends.
The graphs can generally be split into two parts. Firstly, there
is a rapid increase in the accuracy, and then a plateau where
the accuracy remains constant or increases very slowly.A Hill
equation is fitted to the data. The hill equation is used to
describe a nonlinear relationship between two variables. For
example, it is commonly used to describe relationships that
are nonlinear and saturable [64]. The shape of the Hill curve
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FIGURE 7. Synthetic target with spilled coins background.
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YOLOv10m Performance (MTF50)
—— Hill Fit

100

Accuracy (%)

000 015 0.30 0.45

FIGURE 8. MTF50 performance metrics for YOLOvV10 m.

is a good match for the distribution of the data points in the
graphs of detection accuracy against SIC, and the curve serves
as a concise way to illustrate the general trend of the results,
allowing the relationship between detection accuracy and SIC
to be captured in a concise analytical form.

A number of metrics can be derived from the Hill curve
analysis carried out on the data in Figs. 8 and 9, and are
summarised in Table 5. These are as follows:
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FIGURE 9. SIC vs number of detections for each model. These charts demonstrate that the two metrics are correlated, and that above a certain threshold
of SIC, the number of correct predictions saturates. Each plot shows a different object detection model, (a) YOLOv10m, (b) YOLOv10n, (c) FasterRCNN, (d)

RT-DETR.

The Spearman correlation coefficient is a number between
—1 and 1 which indicates how strongly two sets of data are
correlated. It assesses how close the resulting relationship is
to a monotonic function. The correlation coefficients of the

an R? of 0.62. These results indicate that the Hill equation is a
better fit for the SIC-accuracy data than the MTF50-accuracy
data.

Three parameters of the Hill equation are also derived.

four models range from 0.89 to 0.98 indicating all four mod-V max The maximum predicted accuracy which the model ap-

els exhibit a strong monotonic relationship with SIC. MTF
and accuracy for YOLOv10 m is 0.65 indicating a positive
correlation but not as strong as that shown between SIC and
accuracy. The 95% confidence interval and p-value are also
given for each Spearman coefficient.

Mutual Information is a measure of the dependence be-
tween two variables (in this case SIC and accuracy). Defined
by Claude Shannon it describes how much the uncertainty
of Y is removed by knowing X. The mutual information of
YOLOvV10 m and SIC is 1.6 bits compared to 0.5 bits for
MTEF50.

The R? correlation coefficient is commonly used to describe
how well a function models the variability of the dependant
variable. R has a maximum value of 1, meaning the model
perfectly explains all the data points. The model used in this
case is the Hill equation. The four models have R> > 0.8 and
in three cases R > 0.9 indicating the models fit the data very
well. For comparison, the Hill equation is also fitted to the
data points showing YOLOv10m accuracy vs MTF50, with
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proaches.

K Half-max accuracy, which is the elbow point of the func-
tion and gives an indication of how the model performs
at the lower levels of SIC.

n Hill coefficient which indicates the steepness of the slope
of the hill equation.

In contrast to the MTF plot, Fig. 9, the plot showing SIC
versus the number of correct predictions, shows a tightly
bounded trend.

Fig. 10 shows the number of correct predictions broken
down by object type for Yolov10 m. It can be seen from these
charts that the same general trend holds across object types
i.e., a rapid increase followed by a plateau, though with some
differences in overall performance across object types.

B. CONFIDENCE
Fig. 11 shows the relationship between SIC, object height
in pixels, and confidence for the YOLOv10 m model, in the
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FIGURE 13. accuracy plotted against SIC for the complex background for
YOLOvV10 m.

Coefficient Plain Complex
Vmax (max accuracy) 47.9490 54.0800
K (half-max accuracy) 0.2039  0.2682
n (Hill coefficient / steepness) 6.5685 6.2559

form of a 3D heat map. Confidence is plotted on the z-axis.
A similar trend can be seen in the four categories of objects,
but is most easily seen in the car category due to the higher
confidence levels. A confidence of 0 indicates a missed detec-
tion. It can be seen that both SIC and height have an impact
on confidence, with height being a more significant factor.

Fig. 12 shows confidence values plotted against SIC, for
the car objects separated by object size. It can be seen in this
chart that the shape and nature of the correlation change for
different object sizes.

C. COMPLEX BACKGROUND

Fig. 13 shows the Hill equation curve for the case of both
the plain and the complex background, using YOLOv10 m. It
can be seen that the addition of a complex background causes
the curve to shift rightwards from the plain background. The
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FIGURE 14. Impact of each parameter on detection performance for a
subset of the main data, complementing the results presented in Fig. 6.
One parameter is changed while the other three remain constant.

Hill equation parameters are given in Table 5. It can be seen
that the complex background has a higher Vmax but the plain
background has a higher K value. The plain background re-
sults in better performance when there is a low SIC but the
complex background results in overall higher performance.

D. PARAMETER IMPACT

Fig. 14 summarises the impact of each distortion parame-
ter (contrast, background, blur kernel size, blur sigma) on
detection accuracy, where each distortion value is expressed
in terms of its resulting SIC value, complementing the more
detailed results displayed in Fig. 6. It can be seen that contrast
shows the largest variation. The impact of contrast and back-
ground are generally monotonic. The impact of blur kernel
size and blur sigma show some fluctuation, however, there is
a general trend in performance degradation with increasing
distortion.

V. DISCUSSION
It can be seen in Fig. 9 that there are two distinct regions in
each of the graphs. From the point where SIC is 0, there is a
rapid increase in accuracy until SIC reaches a value of approx-
imately 0.25. In all the graphs there is a knee point located at
SIC=0.25. Beyond the knee, the accuracy substantially flat-
tens out. There is small spread in terms of accuracy, especially,
compared to the MTF50 results. The data points are close
together in the y-direction. The knee point may potentially
indicate a minimum threshold point for SIC, i.e. above such a
point, it can be expected that accuracy will be at least a value
of ‘X’. The results here are not varied enough to stipulate
what the value of the SIC threshold would be, but they do
indicate that such a threshold, might exist. The methodology
presented here could be reused to calculate a threshold value
if more varied data were to be used. Threshold values are
very important in the manufacturing process; they determine
whether a sensor is fit for purpose. Finding precise threshold
values can greatly improve manufacture economy [6].
Overall from the correlation results it can be seen that
SIC has a very strong correlation with Accuracy for all four
detection models considered. For YOLOv10 m SIC is shown
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in the case of each metric (Spearman, Mutual Information,
R?) to have a stronger correlation with accuracy than MTF50.
This finding supports the argument that SIC has potential as a
more appropriate IQ metric than MTF50 alone, in determin-
ing whether a particular imaging system can result in good
detection performance.

When Comparing YOLOvIO m and RT-DETR it can be
seen that YOLOv10 m, with a Vmax of 66.7% achieves a
similar accuracy to RT-DETR. However, there is a larger
difference between the models in terms of Half-max accuracy.
RT-DETR has a K value of 0.04 while YOLOv10 m has
a K value of 0.1356. This may suggest that RT-DETR is a
more robust model and requires images with a lower SIC than
YOLOV10 m to reach a given accuracy. Even though the two
models have similar maximum accuracy, RT-DETR performs
better at low values of SIC.

The rightwards shift exhibited in the complex background
test (Fig. 13) leads to the conclusion that a scene with a
more complex background requires images with a higher SIC
(hence a better quality camera) to produce a given level of
performance. This finding further raises the question of how
the complexity of a scene can be quantified. Entropy is one
metric which may be useful in this area. It can be seen that
the plateau of the Hill curve for the complex background sits
slightly above the corresponding graph for the plain back-
ground. The slightly higher accuracy may be explained by
the fact that the model is trained using images captured in the
real world which in many cases would have backgrounds more
closely matching the complex background used here.

SIC has potential relevance to a number of safety and
standardisation organisations. For example, ISO 23654 is a
standard currently under development which will detail the
calculation of SIC [65]. IEEE 2020 is another standard which
deals with image quality assessment in automotive imaging
systems [32]. ISO 21448 is an automotive safety standard
for road vehicles that deals with safety of the intended func-
tionality (SOTIF) [66]. SOTIF puts an emphasis on scenarios
which may cause an automotive system to exhibit unintended
behaviour. SIC has the potential to be used to identify such
scenarios, for example, in a scenario where a car is driving at
night, reduced image contrast from on-board imaging systems
will result in a lower SIC, which may be used as an indicator
of a context where there is a risk to the intended functionality.

The results arising from this research have implications
outside of the automotive sphere. The ability to predict model
performance is useful for any application that makes use of
machine vision, which might include medical, military appli-
cations or other safety-critical applications.

Some potential areas for future work are listed below.
Some algorithms have been developed that enable SFR to
be measured in a natural scene [67]. Natural scene mea-
surements of SIC might improve the safety of autonomous
systems. A system could use onboard testing to determine
whether it can accurately perform perception tasks, poten-
tially prompting the autonomous system to relinquish con-
trol back to the driver. This could be used in challenging
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scenarios such as driving in adverse weather conditions or
night driving.

The novel target can be further improved by including more
realistic optical aberrations in the image generation pipeline
to simulate real-world settings. To further test the robustness
of the metrics examined in this study, a more complex scene
should be used. This might include using a more complex
background, additional targets, and/or subjecting the images
to optical distortions and more complex noise models. This
study has shown a good correlation between SIC and percep-
tion performance however, more work is required to determine
if this correlation continues to be valid in real world scenarios.

The results presented here establish a baseline relationship
between perception performance and SIC, however SIC is still
a new metric and further testing of its capabilities and its
limitations are required. It is intended that this work will pro-
vide a foundation for further studies of increasing complexity.
Other perception tasks should also be examined to test if the
correlation holds across different tasks.

Noise may be a limiting factor in the calculation of image
quality metrics such as MTF and SIC, that use the edge spread
function. For example, Anam et al. notes that the presence
of noise produces a large uncertainty in the MTF measure-
ment [68] because the edge spread function which results
from a noisy image suffers from a large fluctuations in values.
Variation of image quality metrics in the presence of noise is a
topic which will be explored further in future work. Shannon
Entropy is a metric widely used (e.g. in the medical sphere)
to measure image quality. For example, Tsai et al. note that
entropy provides combined assessment of noise and resolu-
tion, which is an advantage over MTF which only looks at
resolution [69]. Future work should quantitatively compare
Shannon Entropy and SIC in automotive applications.

The limitations of SIC as a metric should be investigated
more thoroughly in order to determine if there are certain
conditions under which the metric loses its predictive power
(e.g. real-world noise, lens blur etc.). Measurements should be
taken and validated in real-world conditions. Lighting and ad-
verse weather conditions can have an impact on image quality
and perception performance [70], so this is a further aspect for
consideration. Finally, the use of SIC for other modalities and
for multi-modal fusion may be of interest, for example, using
infrared cameras. SIC also has potential uses for real time
applications such as on board calibration. SIC can be used
to determine whether a camera is fit for purpose in a given
instant. A challenge in implementing such a feature would be
the measurement requirements for SIC. SIC is calculated from
a slanted edge of roughly 4:1 contrast ratio. Such an edge may
not exist in a given scene, and in a natural scene there would
probably be other environmental factors which would impact
the measurement.

There are many practical implications for a robust predictor
of machine vision performance. Explainable Al is a topic that
is currently receiving a lot of attention. The non-deterministic
nature of deep learning algorithms makes granular testing a
formidable task. The metrics presented here give an insight
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into what attributes are most important in a perception algo-
rithm. SIC is a compound metric, meaning it uses multiple
aspects of an image in its calculations. These are the spatial
frequency response and noise power spectrum of the image.
These metrics are new and relatively untested; further re-
finements and additions to this toolkit might improve their
accuracy.

VI. CONCLUSION

Correlating image quality and machine vision performance is
a current and important topic. Machine vision has emerged in
recent years as a key technology in many industries, and while
image quality requirements for the human visual system are
well established, there are a lot of questions that remain to
be answered about image quality for machine vision. From
the results shown in this paper, there is evidence that Shan-
non Information Capacity has the ability to provide insight
into a camera system’s fundamental perception capabilities
and potential performance. The correlation between detection
accuracy and SIC was shown to be much stronger than the
correlation between detection accuracy and MTF50. For ex-
ample, for tests using YOLOv10 m, SIC returns a Spearman
coefficient of 0.98 outperforming MTF by 35% in its ability
to predict detection performance. Other metrics reported also
indicate stronger correlation for SIC than for MTF50; for
example, YOLOv10 m has a mutual information value of
1.67 bits for SIC compared to 0.55 bits for MTF50. The key
contributions of this study are as follows:

1) Design of a novel imaging target that can be used to
simultaneously measure IQ and machine vision perfor-
mance.

2) Development of an experimental methodology to evalu-
ate the correlation between image quality and machine
vision performance.

3) Experimental results that demonstrate the potential of
using SIC for the prediction of downstream perception
performance.

Using a metric derived from information theory, it has been
shown in this study that SIC has the ability to provide an
insight into the fundamental capabilities and potential perfor-
mance of an imaging system.
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