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ABSTRACT
In this paper, we present a new three-dimensional object retrieval method. This method employs depth buffers (computed in hardware) for representing and comparing the objects. Specifically, multiple depth buffers per object (computed from different points of view) are compared for surface
and volume similarity. Our method makes efficient use of
hardware, it is easily extensible for hierarchical comparisons
at multiple resolutions, and is highly parallelizable. We have
employed this method for both inter-class and intra-class
retrieval tasks on a gallery of over 3,000 three-dimensional
objects of vehicles with very encouraging results. The accuracy of the method depends on the number of depth buffers
and the depth buffer resolution.

1.

INTRODUCTION

Three-dimensional (3D) objects are proliferating and are accessible to a common user from the internet. However, users
need a way to find the object they want. A web search engine
to search 3D objects is an example of such an application.
Many approaches have been proposed for 3D object retrieval
with the usual trade-off between retrieval accuracy and efficiency. In this paper, an accurate 3D object retrieval method
is presented that uses standard graphics hardware for acceleration. This method exploits depth images of objects derived by hardware depth buffers. Multiple views of the same
object cover more details of the object.
Specifically, the proposed method compares a probe 3D object with all 3D gallery objects and retrieves the closest
match to the probe 3D object. The matching error computation is based on the similarity of a number of depth
images of the two objects being compared. The effect of the
depth buffer resolution and multiple views is investigated.
The effectiveness of the object retrieval method is assessed
using traditional information retrieval effectiveness metrics.
This method can be applied to various specialized object

retrieval problems. For our purposes, we define a class of
objects to be a category of objects that share similar surface
geometry. Passenger cars can be considered as a single class.
In this paper, we test the proposed method by applying it
to the recognition of objects within a class (e.g., passenger
cars) and between multiple classes (e.g., small cars, full size
cars, and trucks)
The rest of this paper is organized into the following sections: Section 2 covers related work. Section 3 describes
our approach in detail. Section 4 summarizes the statistics
of the gallery objects and Section 5 illustrates experiments
and results. Section 6 draws the conclusions of this paper.

2.

RELATED WORK

There are many projects ([6], [31], [8], [27], [23], [16], [4],
[1], [30], [17], [22], [10], [2], [11]) investigating 3D object retrieval systems. All these retrieval systems contain a representation and indexing components, and a similarity model
and sorting rules component.
Hlavaty et al [9] and Loncaric et al [15] survey the representation techniques. These representations can be categorized as follows: (a) Two-dimensional view-based representations [2], [12], (b) Shape-based representations [31], [4],
[17], [16], [24], [25], [29], [30], (c) Histogram-based representations [18], [1], [11], and (d) Topology-based representations [8], [22]. Our method uses a representation that
is two-dimensional view-based. The other techniques that
employ two-dimensional view-based representations lose 3D
information. Our method represents the objects using their
depth images and hence retains the 3D information.
Veltkamp et al [26] survey the contemporary similarity models. The similarity models can be categorized as follows: (a)
Two-dimensional view-based [2], (b) Feature-based similarity [31], [3], [28], [16],[25], [30], (c) Histogram-based similarity [18], [1], [11], (d) Topology-based similarity [8], [22].
Our method employs a combination of the volume descriptor (feature-based), and depth buffer-based surface matching technique (two-dimensional view-based) similarity.
In the past, the depth images have been used in the object
recognition methods [14]. Few other computer vision techniques also employ the Z-buffer. Labsik et al [13] register
freeform surfaces using depth buffers of the surfaces. Their
method used Iterative Closest Point or ICP algorithm [7]
to find least sum of square distances between depth buffer

points.
Papaioannou et al [19] proposed a method to match complimentary 3D objects. It also uses depth images of the 3D objects to extract surface geometry and exploits the hardware
acceleration to speed up matching process. Their method
uses gradients of the depth buffer in X and in Y directions as
error metric. They find the complementarity of the objects
being compared. This paper extends their idea to object
retrieval, in which we find the similarity instead of complementarity of the objects being compared.

3.

THREE-DIMENSIONAL OBJECT
RETRIEVAL USING Z-BUFFERS

In this section, we describe the proposed method for the estimation of the degree of similarity between two 3D objects
and the estimation of the best relative pose. This method
can very well be applied to any type of 3D object representations for which depth images can be produced. In this
paper, we concentrate on polygonal objects for which we can
take advantage of the graphics hardware pipeline, available
on most modern graphics cards, in order to compute the
depth images efficiently.

3.1

Overview of the Algorithm

First, we assume a regular convex polyhedron with n faces
that completely surrounds the probe object and the gallery
object. The faces of the convex polyhedron define the planes
for which the n depth buffer images will be computed. A
typical choice would be the cube (see Section 3.3). The
gallery object is stationary, while the probe object is continuously being transformed, trying to match the gallery
object.
Initially the two objects are aligned using a standard alignment techn-ique, such as Principal Component Analysis.
This step reduces the range of the parameter values.
Algorithm: Three-Dimensional Object Retrieval Using Z-Buffers
Preprocessing: Pre-compute n depth buffers for each gallery
object. Store these depth images of each object efficiently
by compressing them. Also pre-compute the volume using
these depth buffers. Store computed volume along with the
depth buffers.
Step 1: Input probe object
Step 2: Compute the n depth buffers for the probe object and
compute the volume of the probe object using the
depth buffers.
Step 3: Select next object from the gallery and then retrieve
n stored depth buffers for the gallery object.
Step 4: Determine whether the gallery object is a Close Match
to the probe object. If not go to the Step 9.
Step 5: Perturb the pose vector that controls the orientation
of the probe object according to an optimization technique.
Step 6: The transformations that correspond to the new pose
vector are applied to the probe object, using graphics
hardware to implement the transformations efficiently.

Step 7: Efficiently compute n depth buffers, corresponding to
n orthographic projections of the probe object, using
graphics hardware. Compute a similarity measure (or
error) between the n depth buffers of the gallery and
probe objects.
Step 8: Check whether the error has been minimized according
to the optimization strategy used. If so, then output
the optimum relative pose (giving the minimum error
value) and the error value. Else repeat Steps 5-8 until
the error is minimized.
Step 9: Repeat Steps 3-8 for all the objects in the gallery.
These steps are carried out for every gallery. The final ranking produced is the retrieved set. The first gallery model in
the retrieved set is the (closest) match. Note that the depth
buffers can be computed at a very coarse resolution first, in
order to efficiently discard distant comparisons, and then at
increasing resolutions as needed.

3.2

Step 1: Input Probe Object

Our method requires the user to specify a polygonal 3D
object. The specified object can be in any format that the
implementation understands.

3.3

Steps 2 & 7: Compute Z-Buffer Values

We access the graphics hardware and retrieve the Z-buffers
of orthographic projections of the gallery and the probe
objects. Different orthographic views produce different Zbuffer values.
Since parts of the two objects may be similar while the rest
may not be (e.g., the underside of cars does not differ greatly
between different cars) then, obviously, if the number of
depth images is small the algorithm will not have enough
discriminatory power. On the other hand, increasing the
number of depth buffers raises proportionately the complexity of the algorithm. Also, the more concavities the objects
have, the larger the number of views that will be necessary
in order to take them into account as surface features (and
of course some concavities will not be visible from any external angle). Figure 1 illustrates the different Z-buffers used
for a 3D object.
We have chosen the cube (6 depth buffers) as it is the simplest closed convex polyhedron. Open polyhedra, such as 2or 4-face parallelepipeds could miss a significant portion of
surface detail. We expect that the discriminatory power of
the algorithm would be reduced in such cases.

3.4

Steps 2: Compute Volume

The 3D object retrieval method discussed in this paper compares the objects based on their volumes. First, we threshold
volume difference between the probe and the gallery object
to generate index set A. The concept of volume for polygonal objects can be approximated to the volume enclosed
in the polygons on the surface. For all practical concerns,
cavities hidden inside the objects can be left unaccounted
for.
The volume of the 3D object can be viewed as the number
of voxels lying inside the object. Passalis et al [20] proposed a depth buffer-based voxelization method. Since use

14 ∗ 1012 points in space. Even with a very fast graphics
card for the inner loop comparisons, it would take years.
This calls for a global optimization method to estimate the
optimum matching error in reasonable time. In our method,
enhanced simulated annealing (ESA) is used for the optimization. ESA [21] is a non-deterministic global optimization algorithm aimed at problems with high dimensionality.
ESA uses space partitioning to improve convergence. At
each step, only a subset of the complete parameter vector
is perturbed. The ESA convergence algorithm has better
probability of finding a global minima than does deterministic convergence algorithm.

3.7

Figure 1: Illustration of different Z-buffers computed with respect to the 3D object.
of depth buffer is consistent with the other techniques in
the 3D object retrieval method in this paper, we use the
voxelization method mentioned above. This volume computation method is almost pose invariant, but is prone to
aliasing, as voxelization is equivalent to sampling. But there
could be a minor difference in the computed volumes, which
could be attributed to a combination of pose and aliasing.

3.5

Step 4: Determine a Close Match

The volume of the probe object, vp is compared against the
volume of the gallery object, vg . For this comparison, the
absolute difference between these two volumes, δv is computed. The gallery object for which δv is less than a certain
threshold εd is considered to be a close match. The threshold
εv is chosen so as to account for the minor volume computation differences due to pose and aliasing. Let SG be the
set of all the gallery objects. The retrieved set is thus:
SR (p) = {i : i ∈ SG , |vp − vi | < εv }

ω
~ = [tx , ty , tz , θx , θy , θz ]T

(2)

For every value of the pose vector ω
~ the probe object is
transformed using standard graphics hardware (Figure 2).
If T represents the translation matrix by ~t and Rê,θ is the
rotation matrix by angle θ about axis ê [5], then the transformation applied to the probe object is given by:
M = TRz,θz Ry,θy Rx,θx

(3)

We have assumed that the probe object and the gallery ob-

(1)

The retrieved set is represented by the formula given in the
Eq. (1). In theory, for a request of an object belonging
to a very large class like passenger cars, SR (q) can be very
large. In practice, maximum number of elements in SR (p)
is limited to moderate number, like 25. The lower limit
to the cardinality of the retrieved set for a given request
is zero. In case the gallery contains objects belonging to
many classes, it is quite possible that volume of a object
of a certain class can closely match volume of the probe
object of some other class. To filter out such objects from
the retrieved set, further matching process is necessary.

3.6

Step 6: Transformations

As part of the comparison process, the gallery object is
static, while the probe object is being transformed according
to parameter vector. The center of masses of the objects are
aligned with the origin. The probe object can freely rotate
about any of its three axes by arbitrary angles θx , θy , and
θz . It also has three translational degrees of freedom giving a translation vector ~t = [tx , ty , tz ]T . Thus, in all there
are 6 degrees of freedom for the probe object. The pose of
the probe object belongs to <6 . We obtain a pose vector
containing 6 parameters for comparison:

Steps 5 & 8: Optimization

To determine how similar two objects are, it is necessary to
find the pose of the gallery object that gives the globally
minimum error relative to the gallery object. Exhaustively
searching the six dimensional continuous space (R6 ) is extremely expensive. With 120 samples per rotational degree
of freedom (i.e., every 3◦ ) and 0.5 percent (of maximum)
translational sampling, we need to sample a 1203 × 2003 =

Figure 2: Illustration of the degrees of freedom of a
probe object.
ject are approximately aligned. Hence the rotational movement range is limited to ±15% of [0, 2π].

3.8

Step 7: Error Computation

We measure the similarity between the probe object and the
objects belonging to the retrieved set given in Eq. (1) to accurately rank objects in the retrieved set. To measure the

similarity of two objects at a specific pose, we estimate the
difference between the n corresponding pairs of depth images. Since we treat all views equally, the final value is the
average value. In this section, we describe how this difference (or error) value between two depth images is computed.
(a)

Error Metric: Similarity of Depth Image Surfaces
Figure 3 depicts a probe car object and its matching car
object in the gallery and their depth buffers. The probe
car object is translated by different amounts along Z axis.
To compute the similarity measure, a naı̈ve approach is to
find the difference between the point-wise distances of the
object from the reference plane. Unfortunately, in this simple approach, the error value depends on the distance of the
object from the reference plane. Figure 4 (a) illustrates this
approach. To overcome this limitation we take the deriva-

(a)

(b)

(b)

Figure 5: Computation of matching error using
derivatives of object surfaces (a) Profile plot of the
derivatives of Z-buffer of the object in Figure 3(c),
and (b) Profile plot of the derivatives of Z-buffer of
the object in Figure 3(d).

derivatives as shown in Figure 5. This approach eliminates
the dependency on the relative distance of the object from
the reference plane. This is illustrated in Figure 4(b), where
little variation in the measure will not make as much difference in the metric as compared to Figure 4(a).
The error is computed for a particular pose of the two objects (pose vector value) over the entire region of overlap
O(~
ω ) of the two (projected) objects. Moreover, the error is
normalized by dividing by the area Ao of O(~
ω ):
Z Z
¯
³¯ ∂d (x, y)
∂d2 (x, y) ¯
1
¯ 1
εd (~
ω) =
−
¯
¯
AO
∂x
∂x
O(~
ω)
¯
¯
∂d2 (x, y) ¯´
¯ ∂d1 (x, y)
+¯
−
(4)
¯ dS
∂y
∂y
where, ω
~ is the pose vector given in Eq. (2) that defines the
pose and d1 , d2 are distances of the two objects respectively
from the reference plane, which is indexed by x and y.

(c)

(d)

Figure 3: Computation of matching error for identical objects displaced along the Z axis. (a) Object closer to the reference plane, (b) Object further
from the reference plane, (c) Z-Buffer computation
of the object closer to the reference plane, and (d)
Z-Buffer computation of the object further from the
reference plane.

In discrete form, samples are taken along both the x and
y axes at locations (i, j), i = 1, · · · , Nx , j = 1, · · · , Ny , for
both objects. Partial derivatives in Eq. (4) can be approximated by forward differences
∆x d1 (i, j) = d1 (i + 1, j) − d1 (i, j),
∆y d1 (i, j) = d1 (i, j + 1) − d1 (i, j),
∆x d2 (i, j) = d2 (i + 1, j) − d2 (i, j),
∆y d2 (i, j) = d2 (i, j + 1) − d2 (i, j);
and integration can be replaced by summation:
εd (~
ω)

∼
=

ed (~
ω)

=

ed (~
ω)
X
1
NO

(|∆x d1 (i, j) − ∆x d2 (i, j)|

(i,j)∈O(~
ω)

+|∆y d1 (i, j) − ∆y d2 (i, j)|)
(a)

(b)

Figure 4: Computation of matching error (a) Difference between distances, and (b) Distance between
derivatives.
tives of the object surface contour with respect to the axes of
the reference plane as in Papaioannou et al [19]. The error
is then estimated as the difference between corresponding

(5)

where NO is the number of points in the region of overlap
O(~
ω ) of the projections of the two objects onto the reference
plane.
We can replace d1 and d2 in Eq. (5) as follows:
d1 (i, j) = Z1 (i, j),

(6)

d2 (i, j) = Z2 (i, j).

(7)

where Z1 and Z2 are the depth buffers of the probe and
gallery object respectively.

Error Metric: Similarity of Volume Extent
The depth buffer comparisons proposed so far take account
of the surface geometry of the two objects. However, two dissimilar objects with identical geometry in the area of overlap
of their projections can have quite different projection extents. To take this into account, the matching error function
given by Eq. (5) should be modified. We assume that the
rendered scene only contains the objects being compared.
In Figure 6 (a, b), NS1 and NS2 denote the buffers corresponding to the two objects. We quantize the volume extent

Class
Small cars
Mid-size cars
Full-size cars
Trucks

Volume
40000.00
44700.00
50900.00
100000.00

X
1.98
2.05
2.41
3.12

Y
1.67
1.40
1.85
2.98

Z
4.12
4.82
5.10
5.65

Count
1246
922
826
642

Table 2: Limits of the classification criteria in the
object gallery.

The gallery contains many different types of cars. We partition these cars into different classes according to their size.
These classes are: (a) Small cars, (b) Mid-size cars, (c) Fullsize cars, and (d) Trucks.
The size is determined by the bounding box dimensions and
the volume. Table 2 depicts the criteria used to classify the
objects in the gallery used in this paper.

5.
Figure 6: Volume extent error function. (a) Top
view of probe object, (b) Top view of gallery object,
and (c) Combination of the views.
comparison into a matching error function, ev , which ideally
approaches zero when depth buffers of the objects compared
overlap exactly.
S
NS1 NS2
T
ev (~
ω) =
−1
(8)
NS1 NS2
where NS1 is the number of non-background depth buffer
pixels of the probe object and NS2 is the number of nonbackground depth buffer pixels of the gallery object.
Combining error metrics given by Eq. (5) and Eq. (8), we
derive a composite error metric, ec (~
ω ) as
ec (~
ω) =
=

ed (~
ω ) · ev (~
ω)
S
NS1 NS2
T
(
− 1)
NS1 NS2
1
T
·(
NS1 NS2
X
(|∆x d1 (i, j) − ∆x d2 (i, j)|
(i,j)∈O(~
ω)

+|∆y d1 (i, j) − ∆y d2 (i, j)|)) (9)

RESULTS

Three-dimensional object retrieval using depth images is
tested within a class to verify that it responds predictably.
The effect of number of depth buffers (Section 3.3) and
the effect of depth buffer resolution on the accuracy of the
method is tested. Moreover, we also test whether the method
allows for an error in the initial pose estimation. Finally, we
compare the performance of inter-class retrieval vs intraclass retrieval.
Figure 7 depicts the 3D objects used for testing. The gallery
contains 3556 objects. All tests were performed on a Pentium 4 2.7GHz processor, 1GB RAM, and AGP card with
128 MB RAM.
To evaluate our method, the evaluation metric used is the
Precision-Recall curve. At every recall level, the average
precision of the retrieval is computed for each experiment.
In this method, it is assumed that all the objects in the
retrieved set are examined. These objects are first sorted
according to a degree of relevance. We then examine the
ranked list starting from the top document. As we proceed
with the examination of the retrieved set, the recall and precision varies. These precision and recall values are plotted
in a Precision-Recall curve.
Testing the Accuracy of the Algorithm
Within Class

As it can be easily seen, for ec to attain a minimum value,
both ed and ev must converge to minima. This makes ec
dependent on both surface geometry and object extent.

In this test, the classification task considered was the entire
set of cars. We attempted to match a probe car object with
all the car objects in the gallery. Probe objects illustrated
in Figure 7 (a-c) were treated as probe objects.

4.

Then these objects were displaced or perturbed by 0.1 radians along the Y axis to simulate pose estimation error.
Each of these objects was then treated as a probe object
and retrieved from the gallery. The test was carried out 10
times for each probe object.

GALLERY DESCRIPTION

The object retrieval method described in this paper was
tested on a large gallery of 3D objects.
The objects are characterized by their volumes in voxels.
Table 1 shows the statistics of the gallery objects. This
table shows that the gallery contains a large population of
compact passenger sedans (or other types of automobiles
having similar volumes).

When the original gallery object was used as a probe object for retrieval, its matching error with the original gallery
object was always zero. This established that the metric

Characteristic
Object Volume (in voxels)
Vertex count
Face count
Bounding box X extent (in meters)
Bounding box Y extent (in meters)
Bounding box Z extent (in meters)
Bounding box volume (in meters3 )

Mean
9648.14
2731.97
3331.53
2.04
1.50
4.70
15.23

Std Dev
4402.60446
2653.83
3002.98
0.32
0.40
0.70
11.79

Max
67450
29987
40227
8.40
9.14
9.91
262.27

Min
54
146
144
0.65
0.17
0.44
0.17

Table 1: Gallery object statistics.

(a)

(b)

(c)

Figure 7: Examples of objects used for testing shape retrieval algorithm.
750i.CAR.FCE, (c) 850csi.CAR.FCE, and (d) 4RUN.CAR.FCE.
used was a true metric. The retrieved set produced by this
probe was considered as relevant set or Rq . The graph

(d)
(a) BMW5.CAR.FCE, (b)

In this experiment, the comparison task was carried out with
different numbers of depth buffers as explained in Section
3.3. The following different configurations were used: (a)
One Buffer: Buffer 1 in Figure 1, (b) Two Buffers: Buffer
1 and buffer 2 in Figure 1, (c) Four Buffers Buffers 1, 2,
5 and 6 in Figure 1, and (d) Six Buffers All 6 buffers in
Figure 1. The Precision-Recall graph in Figure 9 depicts

Figure 8: Precision-Recall curve for all probe objects.

in Figure 8 illustrates the Precision-Recall curve for the
three perturbed probe objects at the Z-buffer resolution of
128 × 128 pixels. The curve shows that the method retrieves
750i.CAR.FCE more accurately than 850csi.CAR.FCE and
850csi.CAR.FCE more accurately than BMW5.CAR.FCE.
This disparity in the resolution power can be explained on
the basis of the number of objects having similar volume.
Since the gallery contains a large population of compact passenger sedans and BMW5.CAR.FCE is a compact passenger
sedan, the retrieved set for this probe object contains many
false positives having similar volume. 750i.CAR.FCE and
850csi.CAR.FCE are mid-size and full-size passenger sedans
and hence there are not too many false positives in their
retrieved set.
Effect of Number of Buffers

Figure 9: Precision-Recall curve for probe object
BMW5.CAR.FCE with different number of depth
buffers used in error computation.

that precision is less for retrieval with one buffer at most recall levels. Retrieval with six buffers is slightly better than
retrieval with two and four buffers at most recall levels. The
lack of monotonic improvement in the precision can be attributed to the fact that the stochastic optimization process
is random in nature.
Effect of Depth Buffer Resolution
The proposed method uses the depth buffer for the match-

ing error computation. The resolution of the depth buffer
is an important factor related to anti-aliasing. Hence, we
test whether the resolution of the depth buffer is a factor in
the accuracy of the method. In this experiment, we run the
retrieval under the following resolutions: (a) 64 × 64 Pixels,
(b) 128 × 128 Pixels, and (c) 256 × 256 Pixels The Precision-

Figure 11: Precision-Recall curves at different poses
of BMW5.CAR.FCE.

Figure 10: Precision-Recall curve for probe object
BMW5.CAR.FCE at different Z-buffer resolutions.
Recall graph in Figure 10 depicts that the average precision
for retrieval under resolution of 64×64 pixels is less for most
of the recall levels and the precision for retrieval under resolution of 128 × 128 pixels is approximately equal to precision
for retrieval under resolution of 256 × 256 at all recall levels. This shows that the accuracy of the method is relatively
unaffected at resolutions 128 × 128 and higher. Again, the
lack of monolithic improvement in the precision can be attributed to the fact that the stochastic optimization process
is random in nature.

were chosen from the gallery. Here, we show the results
of only one object. The chosen object is illustrated in Figure 7(d). This object was queried against unclassified gallery
first and then against gallery classified according to the classifier function described in Section 4. The resulting precision
was plotted against all recall levels. The graph in Figure 12
depicts the average precision of intra-class and inter-class
retrieval experiments at all recall levels. We can see that
the precision is 100% at all recall levels except the last level.
This is expected as the ‘Truck’ class of objects is sparsely
populated in the volume histogram. Moreover, at higher
recall levels, the probability of correct retrieval should be
higher in inter-class retrieval as the gallery is partitioned.
The results support this intuition.

Effect of Pose Variation in the Probe Object
The method assumes that a standard alignment technique,
such as Principal Component Analysis, aligns the two objects being compared before the comparison begins. Ideally,
a retrieval method should be unaffected by any error in the
initial pose estimation. To test our method for pose estimation error invariance, we test the performance of the method
when the poses are equal, when there is difference of 0.1 radian in the poses of the objects being compared and when
there is difference of 0.2 radians in the poses of the objects
being compared.
The Precision-Recall curves shown in Figure 11 depict the
accuracies of the retrieval at different perturbation levels of
the object BMW5.CAR.FCE. From the graph in Figure 11 it
can easily be seen that without any perturbation, precision
is very high at all the recall levels. Moreover, for other perturbation levels, retrieval precision is approximately equal
and primarily independent of the perturbation. One can
safely state that the method presented in this paper is pose
estimation error invariant.
Intra-Class and Inter-Class Retrieval
In this experiment, objects belonging to different classes

Figure 12: Precision-Recall curves for intra-class
and inter-class retrieval.

6.

CONCLUSIONS AND FURTHER WORK

In this paper, we have proposed a new object retrieval technique, which ex-ploits graphics hardware through the Zbuffer and coordinate transforms. Exhaustive search using
this technique is impractical, hence a global optimization algorithm is employed. Though this technique is non-realtime,
it is highly parallelizable as the probe object can be com-

pared with every object in the gallery independently. Due to
the non-realtime nature of this method, when searching in
a large gallery, it is necessary to filter out distant matches.
Voxel volume computation of a 3D object using Z-buffers is
employed as a filter. Tests show that this algorithm works
well for objects within a class. The accuracy of the method
increases with the number of buffers used in comparison.
Moreover, the higher the resolution of the depth buffers, the
better is the accuracy. This method is initial pose estimation
error invariant.
While this method can miss details hidden in invisible concavities of an object, in practice it gives encouraging results
even for complex non-convex objects, such as cars. Occlusion affects the accuracy of recognition.

7.
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