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Abstract

Quantifying the ability of an imaging system to distinguish
between colors or signals is fundamental to evaluating camera
performance, particularly for applications such as autonomous
driving and surveillance. Traditional metrics such as AE»yyo and
Aa*b* provide perceptually motivated color differences but are
not designed to account for sensor noise, nor are they invariant to
the linear signal processing stages common in imaging pipelines.
This paper proposes the use of the Mahalanobis distance as a ro-
bust, noise-referred metric for color and signal separation. We
demonstrate that the Mahalanobis distance is invariant to affine
transformations—including white balance, color correction ma-
trices, and linear color-space conversions—and therefore pro-
vides a stable figure of merit regardless of where in the linear
pipeline the measurement is taken. We further examine practi-
cal considerations including the effects of sensor saturation, non-
linear transformations such as gamma and CIELAB conversion,
spatial gradients, region-of-interest size, and target quality. Ex-
perimental results are presented for multiple color filter array
configurations across a range of illumination levels, demonstrat-
ing the utility of the metric for both full signal separation (Yuv)
and chrominance-only color separation (uv). The work is con-
ducted within the context of the IEEE P2020 automotive image
quality standard.

Introduction

The ability of a camera system to separate colors is a critical
performance parameter for a wide range of applications. In auto-
motive imaging, for example, reliably distinguishing a red traffic
light from an amber one, or a pedestrian’s clothing from a simi-
larly colored background, directly impacts safety. In surveillance
and machine vision, color separation determines whether objects
of interest can be reliably detected and tracked under varying il-
lumination conditions [7].

Traditionally, color differences have been quantified using
perceptual metrics defined in the CIELAB color space, such as
AE;‘b [2]] or its more sophisticated successor AE>poo [3]. While
these metrics are well suited to predicting human perceptual judg-
ments of color similarity, they present several shortcomings when
applied to the evaluation of imaging system performance. First,
they are not noise-referred: two color patches may have a large
AFE but still be indistinguishable in the presence of sensor noise.
Second, the non-linear transformations required to convert from
sensor RGB to CIELAB (including gamma correction and the
cube-root nonlinearity) mean that the measured color difference
depends on where in the image processing pipeline the computa-
tion is performed.

Mahalanobis distance [1]] may be utilized as a metric that
addresses some of these concerns. The Mahalanobis distance nat-
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urally incorporates the noise covariance structure of the image,
providing a noise-referred separation measure in units of mutual
standard deviations. Moreover, it is invariant to affine transforma-
tions, meaning that common linear image processing operations
such as white balance gain adjustment, color correction matrix
(CCM) application, and linear color-space conversion (e.g., RGB
to Yuv) do not alter the measured distance. This invariance greatly
simplifies system-level comparisons, since the metric need only
be evaluated once at any convenient point in the linear portion
of the pipeline. The IEEE P2020 working group was established
to create standardized metrics for automotive camera image qual-
ity [4]. Within this framework, color performance has been de-
composed into three tasks: color separation (the ability to distin-
guish between two color signals), color fidelity (how accurately
a color is reproduced), and display color standards for human-
in-the-loop applications such as backup cameras. This paper ad-
dresses the first of these tasks—color separation—and proposes
the Mahalanobis distance as a principled metric for its measure-
ment. The remainder of this paper is organized as follows. Ex-
isting color difference metrics and their limitations are reviewed
after which the Mahalanobis distance is defined and its affine in-
variance demonstrated algebraically. Dimensionality reduction is
discussed enabling the metric to be applied to either full signal
separation or chrominance-only color separation. Practical con-
siderations for measurement are examined, including saturation,
non-linear transforms, spatial gradients, region-of-interest sizing,
and target quality. Finally experimental results from simulations
across multiple CFA configurations and illumination levels are
discussed.

Background and Motivation
Perceptual Color Difference Metrics

The CIE 1976 AE}; metric computes the Euclidean distance
in CIELAB space:

AES, =/ (AL*)2 + (a2 + (4b%)2 ()

where L*, a*, and b* are the lightness and chrominance coordi-
nates, respectively [2]. The AE;goo formula introduces weighting
functions, a rotation term for the blue region, and parametric cor-
rection factors to improve perceptual uniformity [3} 5]

While AE;og correlates well with human perception, it was
not designed to characterize the discrimination capability of an
electronic imaging sensor. A sensor with high noise may be un-
able to distinguish two patches whose AE>ygg is well above the
just-noticeable-difference threshold of approximately 1.0.



Noise-Referred Euclidean Distance

An intuitive first improvement to creating a noise-aware met-
ric is to normalize the color difference by the pooled standard de-
viation, yielding a signal-to-noise ratio (SNR) style metric. For
two patches with standard deviations oy 1,072 in each L*a*b*
channel, pooled standard deviations can be computed as:
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and combined in quadrature:

OLap = \/ OF + 02 + 0} 3)

The noise-referred AE ;b is then:

: * AE:;b
Noise Referred AE, = . 4
Lab

This metric behaves correctly with respect to noise: as noise in-
creases, the metric decreases; as noise decreases, the metric in-
creases.

However, a simple scalar normalization ignores the correla-
tion between color channels. In a Bayer color filter array (CFA)
sensor, for example, the red and blue channels are spatially sub-
sampled and subsequently demosaiced, introducing inter-channel
correlations that a scalar noise figure does not capture. Further-
more, the Euclidean distance—even when noise-referred—is not
invariant to linear transformations: applying a 3 x 3 color cor-
rection matrix changes both the signal separation and the noise
covariance in a way that alters the Euclidean distance as demon-
strated in Figure [T Two 2D-point clouds are shown before and
after a random affine transformation (det(A) = 1.0). Figure a)
shows the point clouds before transformation separated by a dis-
tance of ten standard deviations. The Euclidean distance is calcu-
lated as 10, the noise-referred Euclidean distance as slightly lower
but close to 10 (9.75) due to the randomness of the point clouds.
Figure[T[b) shows the result of transforming the data using a 2 x 2
transform. Both the Euclidean and noise-referred Euclidean dis-
tances increase to 12.49 and 11.59, respectively. The rotation of
the point clouds in Figure[T[a) is arranged such that the data aligns
with the first right singular vector, or the direction of maximum
stretch in the output Figure [T(b). In Figure [T{c) we rotate the
point clouds to align with the second right singular vector, or the
direction of minimum stretch in the output Figure[I{d). In Figure
[Ikd) we can see this results in the Euclidean and noise-referred
Euclidean distances dropping to 8 and 7.45. This has significant
implications; depending on the dot product of the difference vec-
tor of the transformed colors and the singular vectors of the trans-
formation, the Euclidean and noise-referred Euclidean distances
can increase beyond their original values. This would imply that
information can arbitrarily be created by simply applying a linear
transformation to data which is clearly nonsensical.

Mahalanobis Distance
Consider two groups of observations in p dimensions (e.g.,
p =3 for an RGB sensor). Let group i (i = 1,2) have sample

mean vector X; € R?, sample covariance matrix S; € R?*? and n;
observations. The pooled covariance is defined as

(m—=1)81+(m2—1)8>

Spool = 5
pool n+tny—2 ®)
and the Mahalanobis distance between the two groups is
Dy = /(81 —52)T Sy (51— %2). ©)

This quantity gives the separation between the two group cen-
troids in units of pooled standard deviations, taking into account
the full covariance [1}/6]. Intuitively, the inverse covariance ma-
trix whitens the space, removing inter-channel correlations before
computing the distance. The result is a dimensionless number that
can be interpreted as the number of mutual standard deviations
separating the two distributions.

Affine Invariance

A key property of the Mahalanobis distance is its invariance
under affine transformations. Let y = Ax+ b be an affine mapping
with A € R”*P non-singular and b € R”. Under this transforma-
tion the group means transform as y; = AX; + b and the covariance

matrices transform as Sl(y ) = AS;AT . Substituting into Eq. (©):
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where d = X| — X,. The translation vector b cancels in the differ-
ence of means.

This invariance has immediate practical significance for
imaging pipelines. The following common operations are all
affine transformations of the sensor signal and therefore do not
affect the Mahalanobis distance:

* Black level correction (translation): Subtracting the sen-
sor pedestal correspondsto b £ 0, A = 1.

* White balance (scaling): Channel-wise gain adjustment is
a diagonal A matrix.

* Color correction matrix (shearing/rotation): The 3 x 3
CCM is a general non-singular linear map.

* Linear color space conversion: Transformations from
RGB to Yuv or similar linear spaces correspond to multi-
plication by a fixed matrix.

Figure[I]a), (b), (¢) and (d) demonstrate the invariance. The
Mabhalanobis distance remains as 9.72 despite the transformation
of the data and the dot product between the difference vector and
the first and second singular vectors of the transformation.

Signal Separation vs. Color Separation

The Mahalanobis distance as defined in Eq. (6) operates on
the full p-dimensional observation vector. For a three-channel
sensor, this measures the total signal separation, encompassing
both luminance and chrominance differences. In many applica-
tions, however, it is desirable to evaluate color separation inde-
pendently of intensity.
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Figure 1: Demonstration of affine invariance. Two 2D-point clouds are shown before and after a random affine transformation (det(A) =
1.0). (a) shows the point clouds before transformation separated by a distance of ten standard deviations. The Euclidean distance is
calculated as 10, the noise-referred Euclidean distance as slightly lower but close to 10 (9.75) due the randomness of the point clouds.
Likewise Mahalanobis distance is slightly lower at 9.72. (b) shows the result of transforming the data using a 2x2 transform. Both the
Euclidean and noise-referred Euclidean distance increase to 12.49 and 11.59 respectively, yet the Mahalanobis distance remains the same,
confirming the theoretical invariance of Eq. (7). The rotation of the point clouds in (a) is arranged such that the data aligns with the first
right singular vector, or the direction of maximum stretch in the output (b). In (c) we rotate the point clouds to align with the second right
singular vector, or the direction of minimum stretch in the output (d). In (d) we can see this results in the Euclidean and noise-referred
Euclidean distances dropping to 8 and 7.45.
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Because the Mahalanobis distance is invariant to linear trans-
formations, one may freely convert from RGB to a luminance—
chrominance space such as Yuv without altering the full signal
separation metric. To obtain a color-only metric, one simply
projects onto the chrominance subspace (the u—v plane) before
computing the distance. This is equivalent to reducing the dimen-
sionality from p = 3 to p = 2, discarding the luminance compo-
nent Y. More generally, the metric can be applied in any dimen-
sionality p’ < p by first projecting both groups onto the subspace
of interest and then computing Eq. () with p’-dimensional mean
vectors and p’ x p’ covariance matrices. For instance, projecting
onto the Y axis alone yields a one-dimensional luminance separa-
tion metric. A key property when reducing dimensionality is that
the Mahalanobis distance always decreases:

D" <D m<n (8)
This is consistent with information theory: removing or averaging
channels discards information. For example, computing the Ma-
halanobis distance on the single ¥ channel yields a monochrome
separation value that is consistently lower than the full RGB or
YUYV result. This property provides a useful sanity check.

Comparison with Other Distance Metrics

Several prior works have applied the Mahalanobis dis-
tance in color-related contexts. Imai et al. [10] demonstrated
its use for perceptual color difference in complex images.
Tsumura et al. [11] applied Mahalanobis-based color gamut map-
ping for endoscope image reproduction under different illumi-
nants. Khongkraphan [12] applied the Mahalanobis distance for
color edge detection. Al-Otum [13] proposed morphological op-
erators for color image processing based on Mahalanobis distance
measures. The present work differs in that it applies the metric
specifically to CFA color separation measurement in the context
of automotive imaging and safety-critical standards.

The Bhattacharyya distance [8] measures divergence be-
tween two distributions but its output is not in units of standard
deviations. The squared Mahalanobis distance is proportional to
the Bhattacharyya distance when the two classes share equal co-
variance matrices. The Kullback—Leibler divergence [9] is asym-
metric and does not produce output with a direct probabilistic
interpretation tied to separation. The Mahalanobis distance, by
expressing separation in mutual standard deviations, provides the
most direct pathway from measurement to probability of classifi-
cation.

Practical Considerations

While the Mahalanobis distance offers attractive theoretical
properties, several practical factors must be considered when ap-
plying it to real imaging data.

Sensor Saturation

Saturated pixels violate the assumption of multivariate nor-
mality that underlies the covariance estimate. When one or more
color channels clip at the sensor’s full-well capacity or a channel
saturates after transformation, the observed distribution is trun-
cated and the sample covariance matrix underestimates the true
variance in those channels. This can artificially inflate the com-
puted Mahalanobis distance. To mitigate this effect, pixels whose

values are 0 or 22 — 1 should be identified and excluded from the
analysis.

Non-Linear Transformations

The affine invariance property holds strictly only for linear
(affine) operations. Non-linear transformations such as gamma
correction (y = x¥) and the conversion from XYZ to CIELAB
(which involves a cube-root nonlinearity) do alter the Maha-
lanobis distance.

=== \ahal RGB
=== Mahal Lab
Mahal YUV |

Mahalanobis distance

95 1 15 2 25
Gamma

Figure 2: Mahalanobis distance as a function of gamma for three
color representations (RGB, Lab, and Yuv) at high SNR (100:1).
The RGB and Yuv curves overlap exactly, confirming affine in-
variance. The Lab curve diverges significantly, particularly at low
gamma values, due to the cube-root nonlinearity in the CIELAB
conversion.
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Figure 3: Mahalanobis distance versus gamma at a lower SNR
(10:1) condition. Again the RGB and Yuv results are identical
while Lab deviates, though the absolute differences are smaller
than in the high-SNR case of Fig. [2}

Figure [2]illustrates this effect. When gamma is applied be-
fore computing the Mahalanobis distance, the RGB and Yuv re-
sults remain identical (since the Yuv conversion is linear), but
the Lab result diverges markedly. Aty =1 (the linear case), all
three representations converge as expected. Figure [3] illustrates
the change at lower SNR (10:1). Again the Lab result diverges
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from the RGB or Yuv but is somewhat masked by the lower SNR
and hence Mahalanobis distance to start with.

Anecdotally, while conversion to Lab is non-linear and
changes the absolute Mahalanobis distance values, the relative or-
dering of color-pair separations appears to be largely conserved.
A rigorous characterization of this approximate ordering preser-
vation is left for future work.

Spatial Gradients

[Nlumination non-uniformities across a color patch introduce
a spatial gradient in the measured signal. Because the Maha-
lanobis distance is computed from the sample covariance of the
pixel values within a region of interest (ROI), any systematic spa-
tial variation inflates the estimated variance and consequently de-
flates the computed distance.

At high SNR, spatial gradients may dominate the variance
estimate, leading to a measured distance that characterizes the
uniformity of the illumination rather than the sensor’s intrinsic
color discrimination. At low SNR, the photon shot noise may
dominate, partially masking the gradient effect, but the bias re-
mains. For accurate measurements, illumination should be as
uniform as possible; alternatively, one may fit and subtract a low-
order polynomial surface from each ROI before computing the
covariance.

Region-of-Interest Size

The sample covariance matrix requires a sufficient number of
observations for a stable estimate. For a p-dimensional measure-
ment, the covariance matrix has p(p + 1)/2 unique parameters; a
minimum ROI size is needed to estimate these reliably.
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Figure 4: Mahalanobis distance as a function of ROI size (in
pixels per side) for RGB, Lab, and Yuv. The metric stabilizes
above approximately 30 x 30 pixels for both the linearly related
RGB/Yuv pair and for Lab. Smaller ROIs yield unreliable esti-
mates due to insufficient samples for robust covariance estima-
tion.

Figure [] shows the measured Mahalanobis distance as a
function of ROI size. For ROIs smaller than approximately
30 x 30 pixels, the estimate is unstable and biased. Above this
threshold, the metric converges to a stable value. For the linear
representations (RGB and Yuv), the curves coincide as expected.
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We recommend a minimum ROI size of 30 x 30 pixels for three-
channel measurements.

Target Quality

Physical color targets used for measurement are subject to
degradation over time, including fading, scratching, and contam-
ination. Such degradation increases the intra-patch variance and
reduces the measured Mahalanobis distance, potentially leading
to pessimistic assessments of system performance.
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Figure 5: Effect of target degradation (simulated scratches) on the
Mabhalanobis distance at linear SNR of 100:1 (top) and 10:1 (bot-
tom). At low SNR the impact is modest since sensor noise already
dominates the variance. At high SNR, target imperfections signif-
icantly reduce the measured separation, underscoring the need for
high-quality targets or transmissive test setups.

Figure[5|shows simulated target degradation at two SNR lev-
els. At low linear SNR (10:1), sensor noise dominates the co-
variance and target scratches have a relatively modest effect. At
high linear SNR (100:1), the same scratches dramatically reduce
the Mahalanobis distance. For demanding measurements, pro-
grammable light sources or transmissive targets are recommended
to eliminate the contribution of target surface imperfections.

Experimental Results
To demonstrate the practical utility of the Mahalanobis dis-
tance, we present measurements across multiple color filter array



(CFA) configurations and a range of illumination levels. Mea-
surements were conducted using a radiometric sensor simulation
based on an £/1.6 2.1 um pixel pitch camera with an RGB CFA as
detailed by Jenkin in [14] and [13].

Color patch pairs from a standard color target were imaged
at illumination levels spanning approximately four decades (from
107! to 107 lux), Figure@ Six CFA configurations were evalu-
ated: the standard Bayer RGB pattern, RCB, RYCy (red—yellow—
cyan), RCG (red—clear—green), MYCy (magenta—yellow—cyan),
and MCCy (magenta—clear—cyan). For each patch pair and illu-
mination level, the Mahalanobis distance was computed in three
representations: full-signal Yuv, chrominance-only uv, and raw
RGB.

- 12

Figure 6: Patch pairs used in the radiometric simulation.

Mahalanobis Distance vs. Light Level

Figure [7] shows the Mahalanobis distance as a function of
illumination level for a standard Bayer RGB CFA. The distance
increases monotonically with light level, consistent with the ex-
pected improvement in SNR as photon flux increases. The re-
lationship is approximately linear on a log—log scale, reflecting
the square-root dependence of shot-noise-limited SNR on signal
level. Different color patch pairs exhibit different absolute separa-
tions, but their relative ordering is generally preserved across the
illumination range. When measuring the chrominance (uv) differ-
ence of the monochromatic pairs, notice that this drops to zero as
would be expected for achromatic signals.

Comparison Across CFA Configurations
Figure[8]presents the full-signal (Yuv) Mahalanobis distance
for all six CFA configurations. The standard Bayer RGB provides
a familiar baseline. The alternative CFA designs—RCB, RYCy,
RCG, MYCy, and MCCy—show distinct separation profiles. Cer-
tain configurations provide improved separation for specific color
pairs, particularly at low light levels where noise dominates.
Figure 0] shows the corresponding chrominance-only (uv)
Mabhalanobis distance. By removing the luminance component,
the metric isolates the color-discrimination ability of each CFA.
The relative performance of the CFA configurations changes
when only chrominance is considered, demonstrating that a CFA
which provides superior total signal separation does not necessar-
ily provide the best color separation. This distinction is important
for applications where color information is the primary discrimi-
nant (e.g., traffic light classification) versus those where total sig-

nal contrast matters (e.g., object detection). Notice also that the
patch pair ordering for each individual CFA changes. These sim-
ulations clearly demonstrate that while RCB provides good sensi-
tivity, its color separation is poor compared to RGB. The MYCy
CFA appears to be a reasonable trade of some sensitivity gain for
a modest reduction in color separation.

Discussion

The experimental results confirm the theoretical advantages
of the Mahalanobis distance as a color and signal separation met-
ric. Its affine invariance eliminates a significant source of mea-
surement ambiguity in imaging system evaluation: the depen-
dence on where in the processing pipeline the metric is computed.
An engineer can evaluate the metric at the raw sensor output, af-
ter white balance, or after CCM application, and obtain the same
result—provided these operations are linear.

The sensitivity to non-linear transformations should be
viewed not as a limitation but as a feature of the metric’s design
philosophy. Non-linear operations genuinely alter the statistical
separation of the data, and the Mahalanobis distance correctly
reflects this change. The practical implication is that the metric
should be computed in the linear domain of the pipeline for max-
imum interpretability and reproducibility. Studies on the effect of
non-linear operations should be carried out.

The practical guidelines outlined provide a framework for
reliable measurement. In summary:

» Exclude saturated pixels from the analysis.

» Compute the metric in the linear domain, before gamma or
other non-linear operations.

* Use uniform illumination or correct for spatial gradients.

* Use ROIs of at least 30 x 30 pixels.

» Use high-quality targets, or preferably programmable illu-
mination sources or transmissive targets, to minimize target-
induced variance.

The ability to decompose the metric into signal separation
(Yuv) and color separation (uv) provides system designers with
a powerful tool for evaluating CFA design choices. As demon-
strated in Figures [§] and [J] alternative CFA configurations may
offer advantages for specific application requirements, and the
Mahalanobis distance provides a principled basis for such com-
parisons. Further, separations expressed in standard deviations
are easily converted to probabilities of separation via the use of
Z-Scores.

Conclusion

We have presented the Mahalanobis distance as a robust,
noise-referred metric for quantifying color and signal separation
in imaging systems. The metric offers several key advantages over
traditional approaches: it naturally incorporates the sensor’s noise
covariance structure; it is invariant to all affine transformations
including white balance, color correction, and linear color-space
conversion; and it provides an intuitive interpretation as the num-
ber of mutual standard deviations separating two color distribu-
tions.

Non-linear transformations such as gamma correction and
conversion to CIELAB do affect the metric, but the metric should
be computed in the linear domain for maximum utility. Anec-
dotally, while the conversion to Lab changes absolute values,
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Figure 9: UV Mahalanobis distance (color separation only) versus light level for the same six CFA configurations. Compared to Fig.
the chrominance-only metric reveals different relative performance among the CFA designs. For example, MYCy shows improved color
separation over RCB for certain patch pairs at intermediate illumination levels, highlighting the value of evaluating both signal and color

separation independently.
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relative relationships between color pairs appear to be largely
conserved—a property that warrants further theoretical and ex-
perimental investigation.

Practical guidelines for measurement have been established,
with particular emphasis on the need for adequate ROI size
(> 30 x 30 pixels for 3-dimensional data), uniform illumination,
unsaturated data, and high-quality targets. Programmable light
sources or transmissive targets are recommended for demanding
applications.

Experimental results across six CFA configurations demon-
strate that the Mahalanobis distance enables meaningful compar-
isons of color and signal separation performance, and that the
choice between signal separation (Yuv) and color separation (uv)
can reveal important differences in CFA design trade-offs.
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