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Abstract: Scene depth estimation is gaining in importance as more and more AR/VR and robot
vision applications are developed. Conventional depth-from-defocus techniques can passively
provide depth maps from a single image. This is especially advantageous for moving scenes.
However, they suffer a depth ambiguity problem where two distinct depth planes can have the
same amount of defocus blur in the captured image.
We solve the ambiguity problem and, as a consequence, introduce a passive technique that

provides a one-to-one mapping between depth and defocus blur. Our method relies on the fact
that the relationship between defocus blur and depth is also wavelength dependent. The depth
ambiguity is thus solved by leveraging (multi-) spectral information. Specifically, we analyze the
difference in defocus blur of two channels to obtain different scene depth regions. This paper
provides the derivation of our solution, a robustness analysis, and validation on consumer lenses.
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1. Introduction

Optical depth estimation, in which depth is estimated using radiation properties, is receiving
increased attention due to the proliferation of augmented/virtual reality applications [1–3] and
robot vision systems [4, 5]. These applications require depth maps to be generated continuously
in real time.
Based on their operating principle, we can classify existing depth-estimation techniques into

several categories: stereo vision, photometric stereo, structure from motion, time of flight,
structured light, and depth from defocus. Stereo techniques can provide a depth map of the scene,
but they require at least two photographs with known relative capture positions, and must solve
the correspondence problem [6, 7]. Time-of-flight and structured-light approaches can eliminate
the need for multiple captures, but require synthetic illumination that can be problematic in bright
or outdoor locations [8]. For these reasons, passive methods requiring only a single capture can
prove to be very advantageous.
One such passive technique, depth from defocus, is of particular interest as it allows the

recovery of dense depth maps of dynamic scenes while being computationally efficient. The
method is based on passive illumination and does not require any additional hardware. Defocus
in an image is blur that is dependent on the depth of an object in relation to the focal plane (i.e.,
the depth plane in the scene where the image is in focus). Hence, a correct estimation of the
defocus blur can lead to an exact depth map for the entire scene from a single image.
However, current depth-from-defocus methods have an ambiguity problem in mapping blur

magnitude to depth [9–14]. Placing an object away from the focal plane in either direction
increases its defocus blur in a similar way if the camera aperture is symmetric. Asymmetrically
coded apertures can be used to distinguish the two cases in the depth map computation. However,
they are not practical for consumer cameras because the asymmetric aperture deteriorates image
sharpness and details [15].

This paper extends our approach in [16] for solving the depth ambiguity in depth-from-defocus
methods. Our closed-form solution, which does not require calibration or aperture modifications,
makes it possible to obtain an unambiguous, injective mapping between depth and defocus blur.
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(a) Green channel (b) NIR channel (c) Blur difference

Fig. 1. The focal plane of the green channel (a) is at a shallower depth than that of the NIR
(b). By analyzing the defocus blur difference (c), the depth range is split into two regions
that are used to solve the depth ambiguity. A similar shift in focus is present between red
and green channels; we show the NIR channel for a better visualization.

We exploit the fact that the blur function of depth is not identical across different wavelength
channels. In fact, the position of the focal plane itself depends on the wavelength, as illustrated in
Fig. 1 between green and near-infrared (NIR). We leverage the wavelength dependency of defocus
blur in parallel with its depth dependency to solve the ambiguity problem by analyzing blur
difference. Hence, a one-to-one mapping between defocus blur and depth can be derived using
two spectral channels. In this paper, we show results based on both green-red and green-NIR
channels.
We analyze the relative blur between two different spectral channels to split the depth range

into two subranges that cover the full range. A one-to-one mapping between depth and defocus
blur is possible on each of the two subranges, thus providing a full-range one-to-one mapping.
Our solution is derived based on a simple lens model, which we also use to derive error bounds.
We validate our method with typical consumer cameras using both green and red, as well as the
more robust green and near-infrared channels. Our main contributions are:

? A simple closed-form solution to the depth ambiguity problem based on the simple lens
model, and an error-bound analysis of our solution metric.

? The simple-lens derivation is validated experimentally on complex lenses.

? A depth ambiguity solution that can be integrated to correct standard depth-from-defocus
methods for standard lenses. It is, to the best of our knowledge, the first solution that
can be used to correct previous depth-from-defocus methods, as it requires no hardware
modifications (in contrast with coded apertures or chromatic-aberration-exaggerated lenses)
and no calibration or knowledge of camera settings.

2. Related Work

Depth from defocus is a widely studied problem in the imaging literature. It stands as a good
alternative to stereo for depth estimation [17]. Unlike stereo, it does not have to cope with
correspondence problems, and only requires a single capture. This has yielded many techniques
for estimating image blur [9–12,18–23] and mapping it to depth. Lin et al. propose in [12] to
compute multiple aperture-shape filters that they use to distinguish defocus levels in a given
image. Other techniques for depth from defocus typically estimate defocus-blur magnitude by
analyzing edges, or by re-blurring the images and analyzing the variation [9–11]. All such



approaches suffer, however, from their inability to solve the ambiguity problem [9–14]. This
depth ambiguity is illustrated in Fig. 2 where locations A and C have equal circles of confusion,
or defocus blur (radius r) on the sensor plane despite having different depth. The aforementioned
blur estimation techniques cannot distinguish whether the object is at depth A or C. Hence, they
are limited to enforce the assumption that the focal plane is at a shallower depth than all of
the scene objects (or vice versa). In the general case where the image is focused around the
mid-depth range in the scene, objects in front or behind the focal plane may have the same blur
which then cannot be resolved into two different depth values. This is due to the symmetry of
camera apertures creating a circular rotation-invariant blur as explained in more formal detail in
the following sections.
Coded apertures can be used to optimize the differentiation of depth-dependent blur relative
to depth [15], making the effect of depth variation more detectable through the defocus blur.
Early adoption of coded apertures in photography can be found in the works of [24–26]. These
approaches are greatly extended in [27]. The proposed method allows the recovery of scene
depth information together with an all-in-focus image. The authors design an optimal aperture
which produces maximally different blur circles for different scene depths. However, since their
designed aperture is symmetric, the method is limited to depth either smaller or greater than the
focal distance.
Asymmetric coded apertures can be designed so as to have different blur shapes on the two
different sides of the focal plane. A recent technique attempts to solve the ambiguity problem
this way by relying on asymmetric coded camera apertures [15], which deteriorate image quality.
However, as their method requires camera modifications and affects image sharpness, it is not used
in state-of-the-art techniques for depth from defocus [28], which still suffer from the ambiguity
problem. Sellent et al. also state that the ambiguity cannot be resolved when symmetric camera
apertures are used [15]. However, as we show in the rest of the paper, a solution does exist using
symmetric-aperture cameras.
Chromatic aberration, a known physical phenomenon used often for depth-of-field extension
[29], has been used by Trouvé et al. to solve for depth [30]. They design a specific chromatic-
aberration-exaggerated lens which modifies the focal depths of RGB channels. They calibrate
their lens by learning the full mapping from every spectral blur triplet to the corresponding depth.
Their solution cannot be deployed on typical lenses or on top of previous depth-from-defocus
methods. Furthermore, their modified lens results in degraded images due to color spilling
caused by axial chromatic aberration. Our solution, on the other hand, requires no hardware
modifications, calibration, or learning and can thus be applied on already captured photos with
general depth-from-defocus algorithms. As hardware is not modified, our approach does not
deteriorate images.

3. Depth Ambiguity

In this section, we first introduce the mathematical framework for our depth disambiguation
metric, which we denote by ∆. We then show how it can be applied using synthetic images.
Lastly, an analysis of error bounds is provided describing the robustness of our disambiguation to
spectral blur estimation errors.

3.1. Mathematical Framework and Solution

We develop our proposed solution in the framework of a simple lens model and extend to more
complex camera lens compounds in the next section. The amount of blur on the camera sensor is
characterized by the radius of a disk (called circle of confusion), which represents the image of a
point light source. This blur is wavelength dependent. The blur radius rW for a channel W is
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Fig. 2. Simple lens model physics. (a) Objects A and C have the same circle of confusion
(blur radius r) despite being at different depths. (b) Axial chromatic aberration: light is
dispersed by the lens due to different refractive indices for different wavelengths.

derived from the simple lens equation:

rW (d) = L
����1 − x

fW
+

x
d

���� , (1)

where L is the aperture radius of the simple lens, x is the distance between the center of the lens
and the sensor plane, fW is the focal length of the lens for channel W and d is the depth of the
source point relative to the lens (Fig. 2 (a)).
For a given channel W and sensor position x, the focal plane is at scene depth d0

W , at which
the blur radius is minimal: rW (d0

W ) → 0. d0
W is given by:

d0
W =

x
x
fW
− 1

. (2)

Eq. (2) is valid unless x is smaller than fW , in which case the image is out of focus for all depth
values, since all rays converge behind the sensor plane, and blur becomes a strictly increasing
function of depth. By varying the scene depth d in Eq. (1), and by assuming a more realistic
scenario where x > fW , we can infer that the blur radius is a convex function of d. Therefore,
if and only if the focal plane is set to the closest or furthest source point in the captured scene
will the blur radius be, respectively, a strictly increasing or decreasing function of d. However,
these two scenarios are special cases, and in practice the blur radius is a convex function of
depth with a minimum at the focal plane. This non-injective depth to blur mapping limits current
depth-from-defocus algorithms. They must assume that the focal plane is at either one of the two
extreme scene depths.

To overcome this limitation, we leverage the differences in blur in different spectral channels.
We consider two channels Y and Z of different wavelength and thus different focal length, setting
fZ > fY without loss of generality. Noticing that the blur radius is wavelength-dependent, we
study the difference ∆Z,Y (d) , rZ (d) − rY (d) given by:

∆Z,Y (d) =


α , L

(
x
fY
− x

fZ

)
d ≤ d0

Y

2L
(
1 + x

d

)
− L

(
x
fY
+ x

fZ

)
d ∈ [d0

Y, d
0
Z ]

−α = L
(
x
fZ
− x

fY

)
d ≥ d0

Z .

(3)

For values of scene depth d smaller than d0
Y or larger than d0

Z , ∆Z,Y (d) is constant with respect
to d and only depends on the camera parameters (L and x) and the focal lengths of the two
spectral channels Y and Z . Identifying whether a source point is on one side or the other of the
focal plane for a given channel is thus equivalent to matching its ∆ value to ±α. For instance, if
∆Z,Y (d) = −α then d ≥ d0

Z . Otherwise, the source point is on the side of the focal plane that is
closer to the camera (d ≤ d0

Z ).



In practice, fY and fZ are close between RGB channels, making the depths d0
Y and d0

Z close,
hence decreasing α towards values close to 0. Note also that more complex lenses are designed
to correct color chromatic aberration and minimize the shift between color focal planes [31]. We
show in Section 4.1 that the shift is nevertheless detectable even with complex lenses, and that
when using NIR the corresponding α value becomes noticeably larger, allowing for a more robust
solution (Fig. 5). This is true for two reasons: first, lenses generally do not correct chromatic
aberration in NIR, and second, NIR wavelengths are significantly larger than RGB channels’
wavelengths, thus causing more aberration.

To compute the ∆ metric value at every scene location, it is necessary to estimate the defocus
blur radii rY and rZ . However, the estimation of blur does not immediately yield the defocus blur
radius because there are additional factors (spherical aberration, field curvature, motion blur,
etc.) that add to the blur in an image. For a given image patch I(d) at depth d, captured at a fixed
wavelength λW , what we observe is a blurred version Ib(d, λW ):

Ib(d, λW ) = I(d) ∗ PSFeq(d, λW , x, y) = I(d) ∗ Hdef (d, λW , x, y) ∗ H0(x, y), (4)

where d is the depth of the object captured in pixel coordinates (x, y). We separate the equivalent
point spread function PSFeq generally modeled in the literature as a Gaussian kernel [9–11,32,33],
into two Gaussian kernels [19]. The first kernel, Hdef , accounts for the blur due to defocus at
depth d in channel W , and H0 accounts for all other blur factors. The standard deviation of the
Gaussian kernel Hdef is linearly related to the blur radius

σdef (d, λW ) = k ∗ rW (d), (5)

where k is a constant dependent on the optical system and that can be calculated by calibration [19].
H0 is assumed to be a function of pixel location and is wavelength-invariant, with the defocus
blur being accounted for in Hdef . H0 accounts for motion blur, along with all blur effects that
are pixel-position dependent, rather than wavelength or depth dependent. The variance σ2

eq of
PSFeq is the sum of the variances of Hdef and H0:

σ2
eq(d, λW , x, y) = σ2

def (d, λW , x, y) + σ2
0 (x, y). (6)

Therefore, when the squared blur radius r2
W (d) is estimated in post-processing, it isσ2

eq(d, λW , x, y)
that would be approximated, instead of the desired σ2

def
(d, λW , x, y). This generally modifies

the estimated value by an offset, σ2
0 (x, y) being constant across the image in most cases

(static scenes, centered objects or corrected spherical aberration). Hence it does not modify
relative depth estimation and is neglected in the literature [10]. We note nonetheless that the
pixel-wise subtraction σ2

eq(d, λZ, x, y) −σ2
eq(d, λY, x, y) could better estimate σ2

def
(d, λZ, x, y) −

σ2
def
(d, λY, x, y). This is true because σ2

0 (x, y) is invariant with respect to wavelength and, the
subtraction being pixel-wise, the dependency with respect to (x, y) could be canceled out. The
depth ambiguity solution is given by an analysis of the value of our metric ∆, estimated per pixel,
which we elaborate on in Section 3.2.

3.2. Synthetic Images Example

We illustrate the framework introduced in 3.1 through a comprehensive simulation. The analysis
in this section illustrates the building blocks for the disambiguation solution, and motivates the
robustness and error bounds study.
We generate binary synthetic images by adding one or two simple patterns per patch that are

randomly selected from a set of 4 patterns (horizontal, vertical or diagonal lines). Fig. 3 (a)
shows an example image where the patches are of size 50 × 50 pixels. We then blur the original
sharp image according to Eq. (4). To simulate the varying depth, we scan the image column-wise
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Fig. 3. (a) Sharp image. (b) and (c) Same image blurred as it would be if captured in
channels Y (green) and Z (red) respectively, with defocus blur (depth increasing linearly
from left to right) and uniform depth-independent blur. Best seen on screen.

(from left to right) and increase the depth linearly with the number of columns. The defocus blur
variance σ2

def
, corresponding to the squared blur radius, is computed using Eq. (1) for the two

channels Y and Z introduced earlier and an empirical constant σ2
0 = 0.2 is finally added. The

blur is simulated as a 2D convolution with a Gaussian filter.
To estimate the blur at a certain location, we first re-blur the image with a unit-variance

Gaussian kernel. The gradient magnitude is then estimated for both images (original and
re-blurred) at every pixel as the L2-norm of R4 vectors M and Mreblur . The four entries of these
two vectors are the results of convolving the two images with each of the following kernels:

k1 =


−1/2 0 0

0 0 0

0 0 1/2


; k2 =


0 0 −1/2

0 0 0

1/2 0 0


; k3 =

[
1/2 0 −1/2

]
; k4 = kT3 . (7)

Blur magnitude b is lastly computed according to Eq. (8) at edge locations (xedge, yedge),
which are obtained using a Canny edge detector.

b(xedge, yedge) = 1 −
‖ M(xedge, yedge) ‖2

‖ Mreblur (xedge, yedge) ‖2
(8)

Fig. 4 shows the results of blur estimation on the synthetic images. The results are plotted as
a function of depth by moving horizontally across the images in Fig. 3 (b) and (c), where the
blur is constant vertically. We calculate the blur as the median value, over a patch column, of
all blur values estimated on edges in that column. The estimate for ∆Z,Y (d) deviates from its
theoretical expression in Eq. (3), at the extreme values of maximum blur where the estimation of
blur becomes less accurate. However, to infer depth from defocus blur, it suffices to observe that
when ∆Z,Y (d) > 0, rZ (d) is injective, and when ∆Z,Y (d) < 0, rY (d) is injective. Thus, there is no
ambiguity in recovering d when the sign of ∆Z,Y is known. When using both channels to create
the inverse mapping, there is an acceptable margin of error where we are allowed to mistake the
sign of ∆ and still have a correct injective mapping due to redundancy. Indeed, if we define dn as
the distance where ∆Z,Y (dn) = 0, rZ (d) is not only injective over d < dn (green shaded area in
Fig. 4), but over the larger range where d < d0

Z (thick red line in Fig. 4), and similarly for rY (d).
The robustness topic is explored in more detail in Section 3.3.

3.3. Error Bounds Analysis for the Metric ∆

Two sources of imprecision can be discerned in the practical computation of our disambiguation
metric ∆. First, they can be due to the fact that camera acquisition channels are not narrow
band, and so the real physical wavelength captured can vary within the channel’s range. Second,



Fig. 4. Blur estimation results across synthetic images of channels Y (Fig. 3 (b)) and Z (Fig.
3 (c)), moving in the direction of increasing depth. The experimental estimate of ∆Z,Y (d) is
plotted in black. The sign of the metric ∆Z,Y defines the green and red shaded regions that
we use to create our one-to-one blur to depth mapping.

they can be caused by inaccuracies in blur estimation. In this section, we model the sources of
inaccuracies in ∆ and show that there is an acceptable range where inaccuracies do not affect the
derivation of the one-to-one mapping between blur and depth.
When analyzing different channels, we have so far assumed a fixed wavelength value (i.e.

a narrow-band assumption). In practice, this is not accurate because these channels capture
radiation across a certain range of wavelengths imposed by the sensor’s color filter array. Looking
at the intensity present in a channel W , the captured radiation may have any wavelength λW ± δW
where λW is the central wavelength and δW is a wavelength shift that is bound to the limits of
channelW . In the extreme case, all radiation captured in the channelW has wavelength λW +δmax

W
instead of λW , where δmax

W is the maximum deviation within band W . δmax
W corresponds to a

shift γmax
W in focal length. We also call erW the algorithmic blur estimation error for channel W ,

and obtain the predicted blur radius:

r ′W (d) = L
����1 − x

fW + γmax
W

+
x
d

���� + erW . (9)

The resulting difference ∆′Z,Y (d) , r ′Z (d) − r ′Y (d) is then given by:

∆
′
Z,Y (d) =


L( x

fY+γ
max
Y
− x

fZ+γ
max
Z
) + EZ,Y d ≤ d0′

Y

2L(1 + x
d ) − L

(
x

fY+γ
max
Y
+ x

fZ+γ
max
Z

)
+ EZ,Y d ∈ [d0′

Y , d
0′
Z ]

L( x
fZ+γ

max
Z
− x

fY+γ
max
Y
) + EZ,Y d ≥ d0′

Z ,

(10)

where EZ,Y , erZ − erY , and d0′
W for W ∈ {Y ; Z}, is given by:

d0′
W =

x
x

fW+γ
max
W
− 1

. (11)

The depth point of interest (d ′n) for our method is the point of intersection where the two
channels show equal blur radii, yielding ∆′Z,Y (d ′n) = 0. Depth d ′n, assuming EZ,Y is not
substantially large, is given by:

d ′n =
2Lx

L
(

x
fY+γ

max
Y
+ x

fZ+γ
max
Z

)
− EZ,Y − 2L

. (12)



As seen in Fig. 4, a mistake in region mapping (defined by the sign of ∆) can cause the loss of the
injective mapping only when d ′n < d0

Y or d ′n > d0
Z . Shifts resulting in d ′n ∈ [d0

Y, d
0
Z ] preserve a

correct one-to-one mapping. This is because on the range [d0
Y, d

0
Z ] both Y and Z channels have an

injective mapping (overlap of the thick lines in Fig. 4) and either of them can be used. Therefore,
errors between dn and d ′n can be tolerated and do not affect the disambiguation process as long
as d ′n ∈ [d0

Y, d
0
Z ].

4. Experiments

In this section, we prove the correctness of our disambiguation solution with complex lenses.
We then test our disambiguation results based on off-the-shelf blur estimators and provide
proof-of-concept depth-from-defocus examples.

4.1. Experiments with Complex Lenses

We validate our theoretical assumptions, made through the adoption of the simple lens model
equations, on more complex lenses. The objective of this section is to show that the relationships
derived between defocus blur, depth and wavelength can extend to a typical lens, and thus
demonstrate the generalization of our proposed metric ∆.
The defocus blur being directly linked to the PSF, we estimate the latter in our following

experiments. To that end, we use a flat target consisting of a sharp 5° vertical slanted edge.
We place the camera at varying distances from the slanted edge and capture an image at each
location. Next, we compute the edge spread functions for each of the RGBN (RGB and NIR)
channels by following the ISO 12233 standard [34]. Then, the line spread function (LSF) is
derived through simple differentiation across the horizontal dimension. In accordance with
the assumption of a Gaussian PSF, we fit a single Gaussian curve to the LSF. The standard
deviation of the resulting Gaussian curve is finally retained per channel and per depth to represent
the amount of depth-dependent and wavelength-dependent blur. With the symmetry imposed
by the Gaussian PSF assumption, it is sufficient to estimate a single LSF to approximate the
two-dimensional PSF. We repeat this experiment after focusing the camera at a different depth,
and a third time using a different lens. Results are plotted in Fig. 5, for the three experiment sets
acquired under the following settings:

• Set 1: Canon EF 50mm f/2.5 lens with f-stop of 2.5. Color is focused at depth 1513mm
and we acquire 51 images over the range [993, 2353]mm.

• Set 2: Canon EF 50mm f/2.5 lens with f-stop of 2.5. Color is focused at depth 2390mm
and we acquire 29 images over the range [1910, 4152]mm.

• Set 3: Canon EF 50mm f/1.8 II lens with f-stop of 2.5. Color is focused at depth 1509mm
and we acquire 28 images over the range [1059, 2409]mm.

As expected, the amount of blur in a given channel increases monotonically as the camera is
moved closer to the slanted edge, or away from it, relative to the depth where the channel was
in focus. However, for our proposed method to generalize, the main property of our ∆ metric
must still hold. Essentially, this means that its value must change signs only once with increasing
depth, and exactly in the depth range delimited by the two focal planes corresponding to the
chosen channels. It is advantageous to compute ∆ between a color channel and NIR due to the
larger difference in blur magnitude that allows for a less robust blur estimation. This is due to the
larger wavelength separation, and due to the uncorrected chromatic aberration in NIR. However,
we also validate our assumptions even between spectrally adjacent channels, namely green and
red. The ∆ plots are shown in the bottom row of Fig. 5, where ∆R,G and ∆NIR,G are plotted in
red and black, respectively. The general properties of ∆ are preserved compared to those derived



1000 1200 1400 1600 1800 2000 2200

Distance (mm)

0

10

20

30

40

50

60

70

P
S

F
 s

ta
nd

ar
d 

de
vi

at
io

n 
(p

ix
el

s)

(a) PSF results (set 1)

2000 2500 3000 3500 4000

Distance (mm)

0

10

20

30

40

50

60

70

P
S

F
 s

ta
nd

ar
d 

de
vi

at
io

n 
(p

ix
el

s)

(b) PSF results (set 2)
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(c) PSF results (set 3)
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Fig. 5. Top row: blur magnitude as a function of depth for each of the RGBN channels,
repeated over three image sets. The plots are in the corresponding colors and in black for
NIR. Blur magnitude is estimated as the standard deviation of a Gaussian curve fitted to the
edge spread function, which in turn is computed from a 5° slanted edge. Bottom row: the
corresponding ∆ plots in red for ∆R,G and in black for ∆NIR,G .

through the simple lens model, with a larger shift between NIR and green. The focal planes
of red, green and blue are very close to each other due to the chromatic aberration correction
of our lenses. This correction is optimized for the visible channels, with the NIR rarely taken
into account (only in superachromatic lenses [35, p. 105]). Despite this correction, and the
closely-spaced red and green focal planes, ∆R,G still crosses zero between the two, as desired.

4.2. Accuracy in Controlled Experiments

We further extend our experiments to test our proposed method on objects placed in the captured
scene, and using off-the-shelf blur estimators. Although blur estimation is outside the scope of
this paper, the objective of this section is to assess the applicability of our method in the absence
of sharp slanted edges, or when a precise PSF estimation is not available. In other words, we test
the method’s robustness when simple blur estimation techniques are used.

For these tests, we used the same camera and lens combination as in Section 4.1, image set 1.
The experimental setup consists of a ruler with a high-frequency triangular pattern printed on
top, and a test object surrounded by four black circular markers. By using the triangular pattern
on the ruler, we can visually see where the RGBN channels are in focus. The objects are then
placed either closer than the color focal plane or deeper than the NIR focal plane. These two
cases correspond to a positive or negative ∆NIR,G (or ∆R,G) value respectively. As discussed
in Section 3.2, when the object is located between the two focal planes, we have two options
for obtaining a one-to-one blur to depth mapping. Therefore, we restrict our tests to the two
regions outside the focal planes, and create four test sets. For each of the four test sets, we capture
different objects in RGBN and use object segmentation to separate them from the background.

We compute ∆R,G and ∆NIR,G for every object in our dataset by subtracting the blur estimates
obtained using the following methods: Hu [11], Zucker [9], Crété [36] and El Helou [20]. The
blur estimation techniques perform best on edge locations, therefore, instead of interpolating



Table 1. Percentage accuracy results of the sign (positive or negative) of the metrics ∆R,G
(left) and ∆NIR,G (right), determining the disambiguation regions. The results are on our
four test sets and are based on four off-the-shelf blur estimators.

Zucker [9] Hu [11] Crété [36] El Helou [20]

Set A 69.2/71.2 61.4/81.7 80.4/93.2 63.4/79.5

Set B 81.4/74.3 63.2/77.3 70.9/88.6 68.8/75.8

Set C 66.9/88.4 68.0/90.6 89.1/96.5 73.5/85.1

Set D 86.9/80.0 65.1/89.0 71.0/95.0 77.1/89.3

the results to the rest of the image, which does not provide additional information, we assess
accuracy solely over edge locations. For the methods that provide per-pixel blur maps (Hu [11]
and Zucker [9]), we compute the percentage of correctly labeled pixels. For the methods that
compute a single blur value per image (Crété [36] and El Helou [20]), we divide the object
images into non-overlapping 32 × 32 pixel patches, and compute the percentage of correctly
labeled patches. Finally, we compute the average accuracy in estimating the sign of ∆R,G and
∆NIR,G across all images in each set, and report the results in Table 1.
For sets A and B, we place 9 different objects once in front of the color focal plane (A) and

once behind that of the NIR (B), respectively, and capture them one by one with an f-stop of
8. A correct labeling for set A is a positive ∆, since the green channel’s focal plane is closer to
the object’s plane, which renders the object less blurry than in red or NIR. The opposite is true
for set B. Note that the same labeling is true for ∆R,G and ∆NIR,G , as the focal plane of the red
channel is even closer than that of NIR, yet behind that of the green channel. We see that all
algorithms achieve an accuracy higher than 60% with ∆R,G . Accuracies higher than 50% make
the blur detection algorithm applicable to real-world scenes, where a majority vote across an
object patch would yield a correct classification. Once the depth ambiguity is resolved using the
sign of ∆, a one-to-one blur-to-depth mapping is trivially obtained.

Sets C and D are similar to the first two but the camera aperture is at f-stop 2.5, and we capture
a set of 16 different objects. The increased aperture increases the blur intensity away from the
focal plane. The magnified blur helps the blur estimation algorithms perform better in predicting
the sign of ∆, thus the increased precision across all methods. Note how the smaller error margins
of ∆R,G compared with those of ∆NIR,G (illustrated in the bottom row of Fig. 5) make it less
robust to inaccurate blur estimation.

4.3. Proof-of-Concept Examples for Depth from Defocus

We evaluate our disambiguation solution on a set of 5.5 Mega Pixel images taken by a Canon
Rebel T1i camera. We use the green and NIR spectral channels to make up for the blur estimation
inaccuracies. We compute blur maps for these spectral channels using the algorithm presented
in [11] with re-blur variance values of 10 and 12. The value of ∆NIR,G is computed pixel-wise by
subtracting the blur maps of the NIR and green channels, respectively. Because of inaccuracies
in blur estimation, which is outside the scope of this paper, we make final decisions over patches
of size 50 × 50 pixels to improve robustness. Instead of comparing ∆ to 0, we compare it to ±t
where t is a threshold chosen to be around half the amplitude of maximum blur difference in the
image (reflecting an approximation for the theoretical ±α defined in Eq. (3)). This is because
blur cannot be well estimated with simple blur estimators in extremely low spatial frequency
regions and results in ∆ ≈ 0. The decision of whether ∆ > t, ∆ < −t or ∆ ∈ [−t, t] is a majority
vote over pixel patches. We run the results through a ternary state cellular automaton, with equal



Fig. 6. Examples with the sign of ∆NIR,G overlaid transparently. Blue corresponds to
∆NIR,G > 0 and red to ∆NIR,G < 0.

(a) G channel (b) Depth [11] (c) Corrected depth

Fig. 7. (a) Ruler with continuously increasing depth. (b) The corresponding depth map
by [11] cannot resolve the depth ambiguity: depth is incorrectly assumed proportional to
defocus blur. (c) Depth map corrected using our ∆NIR,G solution is proportional to blur on
one side of the focal plane, and inversely related to it on the other side, yielding a correct
depth from defocus, (depth values increase from blue to red).

influence from adjacent neighbors and interpolate all locations where ∆ ∈ [−t, t] to either ∆ > t
or ∆ < −t. Two resulting maps are overlaid in Fig. 6. In almost all of our images, as is generally
the case, we see that the focal planes are not at the extreme depths but rather around mid-range.
This means that algorithms mapping defocus blur to depth are wrong over an entire subrange
of scene depth. In our results, the edge separating the two ∆ regions is not perfectly smooth.
However, there is an acceptable margin of error between the two cases of positive or negative ∆
that does not lead to ambiguity mistakes as explained in Section 3.3.
Finally, we provide two proof-of-concept depth from defocus examples that use our solution

for the depth ambiguity problem. Fig. 7 shows an image of a ruler, shot horizontally with
continuously increasing depth. From left to right are the original green image, the image with
depth estimation [11], and the depth estimation with our correction. Using ∆NIR,G , we can
distinguish the two ambiguous regions and deduce two injective mappings, Fig. 1 (c). Closer
than d0

NIR (namely ∆NIR,G > 0), NIR blur is inversely related to depth, and further from d0
G

(namely ∆NIR,G < 0), green blur is proportional to depth. Lastly, we construct the correct depth
map by combining the maps obtained with green and NIR. Fig. 8 shows a similar example with a
different blur estimator [36]. The color image is focused on the middle book, and, without our
ambiguity correction, the depth of the closest two books is incorrectly estimated. In this example,
we only use ∆R,G to correct the mapping.

We limit these proof-of-concept examples of generalized depth-from-defocus to two images.
A more thorough evaluation only tests the performance of the underlying blur estimator. As
shown in Section 4.1, given an accurate enough blur estimation, our disambiguation solution is
always correct. Section 4.2 shows how this accuracy drops depending on the blur estimator used,



(a) RGB image

(b) Depth from defocus blur [36]

(c) Corrected depth using ∆R,G

Fig. 8. (a) Five books placed with decreasing depth from left to right. (b) Depth from
defocus blur based on [36], generated using the G channel and on every book. As in Fig.
7 (b), depth ambiguity cannot be resolved. (c) The depth map corrected using our ∆R,G
solution, (depth values increase from blue to red).

and this section provides visual proof-of-concept results with off-the-shelf blur estimators.

5. Conclusion

In this paper, we introduced a novel metric that resolves depth ambiguity. This metric is the
pixel-wise difference of defocus blur between two spectral channels. Knowing the sign of the
metric, a one-to-one mapping between defocus blur and depth can be obtained, irrespective
of where the camera is focused during capture. This solution does not require any additional
hardware, modified lenses, calibration, or learning, and does not affect image quality.

There are two main implications of our solution for depth ambiguity. First, depth from defocus
can now be applied to previously captured photographs, irrespective of focus distance. Second,
when an image is taken solely for depth-from-defocus estimation, it can be focused around
mid-depth. This means that the maximum blur magnitude will be reduced compared to when
the image is focused on the closest or deepest point in a scene. Knowing that blur estimation
becomes less precise with large blur magnitudes, this permits more accurate blur estimation for
depth from defocus as well as better quality images.
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