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Abstract

We present a novel system for surveying apple
orchards by counting apples and estimating ap-
ple diameters. Existing surveying systems resort
to active sensors, or high-resolution close-up im-
ages under controlled lighting conditions. The
main novelty of our system is the use of a tradi-
tional low resolution stereo-system mounted on a
small aerial vehicle. Vision processing in this set
up is challenging because apples occupy a small
number of pixels and are often occluded by ei-
ther leaves or other apples. After presenting the
system setup and our view-planning methodol-
ogy, we present a novel method to match and
combine multiple views of each apple and report
successful results from field trials. We conclude
the paper with an experimental analysis of the
diameter estimation error.

1 Introduction

Precision Agriculture refers to a collection of
methods which aim to optimize farm practices
by collecting high resolution data. For exam-
ple, by predicting the nitrogen level in the soil,
fertilizer application can be fine-tuned across a
farm. Precision agriculture techniques can lead
to tremendous environmental and cost benefits
through, for example, targeted irrigation and fer-
tilizer application and early diagnosis of fruit dis-
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eases and nutrient deficiencies (Mulla (2013)).

The goal of the work presented in this paper is
to provide farmers with a convenient mechanism
to obtain high resolution data about the status of
their farms or orchards. We specifically focus on
surveying apple orchards to collect data related
to yield (e.g. number of apples, their colors and
sizes, etc.). Existing work on robotic yield esti-
mation uses ground vehicles, sophisticated sen-
sors such as LIDAR and controlled lighting and
imaging conditions (Section 2). These methods
are not appealing to the farmers due to their cost
and inconvenience. In contrast, we investigate
whether an inexpensive Unmanned Aerial Vehi-
cle (UAV) equipped with a pair of cameras can
be used for yield estimation in standard outdoor
conditions. We report promising results that in-
dicate that this can be accomplished without re-
sorting to expensive sensors and controlled imag-
ing conditions.

Figure 1: Field trials at the Pine Tree Apple
Orchard, White Bear Lake, MN U.S.A. The UAV
was tethered with a blue rope for safety purposes
only.

Small UAVs are well-suited for automated
data collection due to their speed and coverage
spans. Rapid advancements in UAV technology
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have already led to early commercial efforts on
using them in agriculture (Dobbs (2014 (accessed
Jul 2015), Dillow (2014 (accessed Jul 2015)).
UAV technology has matured to the point where
many open hardware and software solutions are
available (e.g., DIYDrones (2015 (accessed Jul
2015)). We envision such UAVs giving farmers
the capability to determine useful statistics such
as size and count of the yield in an apple orchard
using onboard images. In natural settings, ob-
taining this information becomes challenging due
to a number of factors: Occlusions from leaves
and branches may prevent getting a good view
of apples, colors may be unreliable because of
specularities and varying brightness conditions,
and lack of globally distinguishable features may
cause finding stereo correspondences difficult.

As we review in the next section, existing
methods for processing fruit images rely on high-
resolution imagery usually taken from a ground
platform. However, such images are hard to ob-
tain from a camera mounted on a UAV. A lens
with long focal length would limit the field of
view, making navigation and coverage very hard.
A wide angle lens, such as the one we use in our
system, provides good coverage of the scene but
apples occupy smaller number of pixels. A cam-
era which provides simultaneously high resolu-
tion and wide coverage (e.g Cannon Rebel T5i)
would be too heavy for a small UAV.

The resolution issue, combined with the non-
planarity of the scene, cause standard techniques
such as 3D alignment (Eggert et al. (1997))
and Structure From Motion (Huang & Netravali
(1994)) to fail. These methods work well when
the images are high resolution and have many
distinguished features. In our case, we have very
low resolution (640 × 480) images and the fea-
tures we want to register are apples, which are
very small in pixel resolution (20-40 square pix-
els) and are smooth and shiny lacking sharp cor-
ners. We discuss the performance of these tech-
niques at length in Appendix D and Appendix
E.

To overcome these challenges, we present a
novel method for registering apples. We ex-
ploit the small camera motion within subsequent
frames. Since the apple clusters move very little,

the motion of the apple clusters can be repre-
sented with an affine transformation. We uti-
lize this fact to find the dense correspondences
between corresponding apple clusters and regis-
ter them. Our main contribution is to provide a
pipeline for yield estimation - segmenting apple
clusters, registering these clusters, counting their
numbers from the registered images, and when
a cluster is found containing a single apple, esti-
mate its diameter.

We start by describing our prototype sys-
tem designed using low-cost, commercial, off-
the-shelf hardware and software components in
Section 3. We then present a view planning
strategy to plan for the path of the UAV in or-
der to collect stereo images in an apple orchard
(Section 4). Next, we describe computer vision
techniques to segment apples in images, regis-
ter them and combine them with stereo data to
estimate useful statistics (size and count) in an
apple orchard (Section 5). We demonstrate the
feasibility and utility of our system through field
experiments conducted in apple orchards (Sec-
tion 6). Finally, we conclude in Section 8 with a
discussion of our ongoing research and long term
goals of this project.

2 Related Work

Recently, there has been an increased activity in
developing robotics and automation systems for
various farming tasks such as Ball et al. (2013),
Bergerman et al. (2012), and Bergerman et al.
(2013). In this section, we restrict our attention
to systems developed for yield estimation and
view planning algorithms, which are the most
relevant to our work. Wang et al. (2013) pre-
sented a system for automatic apple yield esti-
mation in orchards. Their system in contrast to
ours, uses a side facing vertical stereo rig and
operates in controlled artificial illumination set-
tings at night. The system is mounted on an
autonomous ground vehicle which can move be-
tween orchard rows. Das et al. (2015) developed
a sensor suite for extracting plant morphology,
canopy volume, leaf area index and fruit count
that consists of a laser range scanner, multi-
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spectral cameras, a thermal imaging camera and
navigational sensors. In comparison, we have a
simple setup with a small UAV with only on-
board stereo cameras for fruit sensing.

Mao et al. (2009) developed methods for de-
tecting Fuji apples based on color. Jimenez et al.
(2000) presented a survey of existing computer
vision methods for locating fruit on trees. These
methods rely on high-resolution images taken
from a stationary platform. In this paper, we
focus on estimating apple yield using low reso-
lution stereo cameras mounted on a small, low-
cost UAV platform. We capture the images from
a UAV while flying which makes vision based
tasks difficult. We also register the images based
on image features only. Linker et al. (2012) de-
veloped a system for estimating the number of
apples from color images in orchards under nat-
ural illumination. They avoided specular light-
ing conditions by capturing images close to sun-
set. Our work does not rely on any particular
assumption about the time of day or the posi-
tion of the sun.

Other related work include the work of Hung
et al. (2012) who presented an algorithm to de-
tect tree crowns using overhead aerial images
from a UAV flying at a high altitude. Jagbrant
et al. (2015) used a 3D LIDAR to detect and lo-
calize trees from a robot navigating between tree
rows.

Relevant to our work, Won et al. (2013) stud-
ied the problem of planning views for a UAV
to build a 3D model of the tree. Their algo-
rithm builds a voxel-based representation of the
tree and generates the best viewing location from
where to obtain the next image. They evaluate
their algorithm through simulations. Our focus
in this paper is yield estimation and for that pur-
pose we register the images and count the apples
from the all the views we captured for an apple
cluster.

In our prior work Tokekar et al. (2013), we
have presented a symbiotic robotic system con-
sisting of aerial and ground robots for estimating
the nitrogen levels in a plot. Our goal in Tokekar
et al. (2013) was to develop a set of data collec-
tion algorithms for the UAV to estimate nitro-
gen content from multi-spectral overhead aerial

Figure 2: UAV with onboard computer, wire-
less router, and autopilot. The stereo camera is
mounted with a custom frame on the bottom.

imagery. Pixel values from multi-spectral images
can directly be converted into Normalized Differ-
ence Vegetation Index, which serves as a proxy
for the status of the crop over a large area. In
contrast, this paper focuses on the task of esti-
mating relevant apple yield statistics using only
close-up color images while navigating within or-
chard rows. We start with an overview of our
system in the following section.

3 System Overview

The design goal in our system (Figure 2) was
to use low-cost, commercial, off-the-shelf compo-
nents and leverage freely available, open source
software for navigation. The aerial robot is a
hexarotor UAV built using the DJI F550 (2015
(accessed Jul 2015) with a 55 cm wheelbase and
22.86 cm (10 in) propeller blades. A Pixhawk
autopilot module (Pixhawk (2015 (accessed Jul
2015)) with on-board IMU and external GPS
and compass runs the APM:Copter firmware
from Ardupilot ( Ardupilot APM:Copter (2015
(accessed Jul 2015)). The firmware implements
the 6 DOF pose estimation and provides au-
tonomous waypoint navigation in environments
where GPS signal is available. Maximum flight
time is around 30 minutes with a high capac-
ity battery. Flying for extended periods of
time requires the operator to pause and switch
batteries- a short and trivial procedure.

We use an ODROID-U3 (ODROID-U3 (2015
(accessed Jul 2015)) as the main computer on-
board the robot. The software running on the
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ODROID consists of two main components. The
first component is the open-source ROS node
called MAVROS (MAVROS (2015 (accessed Jul
2015)) which interfaces with the autopilot using
the MAVLink protocol. The second component
is our custom stereo system that uses two Point-
Grey Chameleon global shutter cameras (Point
Grey Chameleon USB 2.0 Cameras (2015 (ac-
cessed Jul 2015)). The cameras provide 640×480
resolution colored images at 24 fps and can be
focused manually by changing the focal length
between 2.8− 8.0 mm. During our experiments,
we fix the focal length to 2.8 mm.

4 View Planning

In this section we describe our approach for plan-
ning the camera views along a row of trees in
an apple orchard. Although trees have complex
shapes in general, most orchards are designed
and managed so that the fruits are easy to pick.
Trees are typically aligned in rows with obstacle-
free traversable pathway in between. This struc-
ture allows for a simple off-line view-planning
strategy. Our goal is to take pictures so that
every point on the current row is visible in at
least one image.

Since the cameras are mounted perpendicular
to the frontal direction of motion, the viewing
objective can simply be achieved by moving on a
viewing plane parallel to coverage plane V . We
visit each location in V via a sawtooth trajec-
tory as shown in Figure 3. The advantages of
this particular trajectory is that each tree is cap-
tured in consecutive images in a bottom-up fash-
ion and movement is limited to a single planar
direction. The first assumption results in better
image processing. We can easily identify the up-
ward motion of the UAV and recover the set of
images covering the same tree. The second re-
sults in smaller movement error from the UAV.
We describe a strategy that takes advantage of
this special type of motion in the image registra-
tion Section 5.2 of the vision pipeline.

Figure 3: Simulated trajectory using GPS data
reported from the experiment.

5 Vision Based Surveying

In this section, we describe the vision pipeline
employed by our system described in Section 3.
Given stereo images of the apple trees obtained
in natural settings, the goal is to, (1) find the lo-
cation of the apples, (2) count the total number
of apples and, (3) estimate their size (i.e. di-
ameter) in the presence of illumination changes,
specularities and occlusions.

5.1 Segmenting Apples in Images

A key component of our vision pipeline is seg-
menting out parts of the image which contain
apples. This task is difficult for a number of rea-
sons. First, we have wide angle lenses and low
resolution images from a flying UAV. Therefore,
the observed apples are extremely small. Second,
there are many occlusions. These two problems
make it difficult to use shape priors. Third, as
we operate in a natural environment with spec-
ularities, and in the presence of similarly colored
objects such as trunks and apples; color thresh-
olding is difficult. Figure 4b shows the result of
color thresholding on the red channel alone.

To get accurate segmentation of the red ap-
ples, we start by eliminating all pixels which have
dominant blue and green components. These
pixels primarily belong to the sky and leaves
(Figure 4b). Remaining pixels, which are domi-
nant in red, contain apple pixels as well as pixels
associated with the ground, trunks and reddish
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leaves. To separate the apple pixels, we make use
of some domain information. Pixels with very
high red values as well as pixels where the dif-
ference between red, blue or green channels is
very small are likely to be over-bright or spec-
ular. Pixels where red and green channels have
similar values typically belong to reddish leaves.
Pixels where blue is very close to red belong to
the trunks. To get from pixels to apples, we per-
form Canny edge detection (Canny (1986)) on
segmented pixels, compute a set of contours and
fit a bounding rectangle to each contour. Each
bounding box may contain a single apple or an
apple cluster. In Section 5.3, we describe how
to count the number of apples in each box.We
present the details and associated thresholds in
Appendix B.

5.2 Image Registration

Following the segmentation step, we have apple
clusters that overlap across multiple images. Our
approach involves bringing these views of the
clusters to a set of disjoint reference frames and
count from the resultant cumulative views. Cal-
culating rotation R and translation T between
consecutive stereo pairs is the state of the art
method for registering these type of non-planar
image features ((Eggert et al. 1997)). The re-
sults of applying this method are presented in
Appendix D. We observed that this method fails
to successfully register images in our case. After
registering the 3D point clouds, we can project
them back to a camera frame and count from
there. However, stereo data is noisy and the pro-
cedure also involves matching among left-right,
as well as left-left and right-right pairs of images,
resulting in accumulation of errors with increas-
ing number of frames. Another big problem is
that, as we are using a very wide angle lens, and
the camera motion between consecutive images is
very small, the baseline between the images from
the same camera is less than the baseline of the
stereo pairs. Consequently, we get significantly
more left-left / right-right matches compared to
left-right matches (Figure 5).

We now present an overview of our approach.
The frontal views of the detected clusters in the

segmentation step are almost planar within a sin-
gle cluster. Since the on-board camera captures
only the frontal views, there is very little depth
variation across the clusters and across multi-
ple images. As these views are consecutive and
have a small difference, we assume that paral-
lel lines remain parallel and the relationship be-
tween them is affine. Note that the affine rela-
tionship assumption is per cluster and not across
the entire image. Between every pair of consecu-
tive images, we align individual overlapping clus-
ters with affine transformations. Multiplying the
affine transformation matrices, we map a cluster
from a later image to an earlier one. To bring
non-matching parts of an image to the reference
frame we calculate the homography using all the
affine matches. This way we find all captured
views of a cluster, in a single frame of reference.
Note that a separate affine transformation is as-
sociated with each cluster in each image. We do
not compute a single affine transform to warp an
entire image.

We execute this procedure for all the clusters
in an image and count the number of apples from
cumulative view. When none of the clusters in
the current image matches some clusters in the
reference frame we move our reference frame to
the current frame. The parts of the new refer-
ence frame which contributes to the old reference
frame are eliminated using the affine relation-
ship. The change of reference frame is essential
to the success of the counting procedure. If we
keep bringing back everything to the first frame
we will accumulate error and the warped clusters
will become smaller and smaller. Figure 6 shows
the registration pipeline.

We now describe the following components of
the pipeline.

1. Feature Selection

2. Feature Matching

3. Matching Correction

4. Feature Alignment

5. Changing the Reference Frame
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(a) Original image captured from
the UAV

(b) Blue and green dominant pixels
eliminated

(c) Specular, bright trunk and
ground pixels eliminated

(d) Remaining trunk and ground
eliminated

(e) Canny edge detection (f) Contours detected

Figure 4: Segmentation Pipeline. (a) The original image captured by the on-board camera. (b)
Elimination of blue and green dominated pixels. (c and d) Elimination of specular, trunk and ground
pixels. (e and f) Cluster boundaries obtained by canny edge detection and contour extraction.
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(a) Matching between two consecutive left images

(b) Matching between a stereo pair (left and right image)

Figure 5: Left-left vs left-right matching. Matching two consecutive left images (Figure a) produces
many more matches than matching a left and right image taken at the same time (Figure b). This
is due to the fact that the stereo baseline is larger than the camera motion. In the figure only 30%
of the total matches are shown for clarity.
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yes

no

no
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no

Figure 6: The Registration Pipeline. The reg-
istration procedure outputs a set of disjoint ref-
erence frames required for counting. It starts
by reading the segmented images, then calcu-
lates individual affine transformations between
matching contours to generate point correspon-
dences between images and warps the images to
the current reference frame and changes the ref-
erence frame when current image and reference
frame do not have any common features.

Conventional registration methods have only
components one, two and four. We introduce two
additional components to improve our matches
and make sure the input to our counting proce-
dure is a high resolution contour. In the follow-
ing, we describe each of the five components in
detail.

5.2.1 Feature Selection

Corner-like features (such as SURF (Bay et al.
(2006)) or SIFT (Lowe (1999))) which are com-
monly used in image registration are not appro-
priate for registering segmented apple images.
This is because apples are smooth and shiny ob-
jects without sharp corners. Therefore, we use
segmented regions directly as features. This re-
quires novel methods for matching and aligning
the features.

5.2.2 Feature Matching

To match the contours and find point correspon-
dences, we utilize our set up to constrain the
matching procedure. As the UAV moves 1 m/s
and the on-board camera captures 24 frames
within that time period, the motion between
two successive camera frame is very small. If
the direction of the movement does not change
abruptly, the overlap between consecutive im-
ages should be regular and the matching con-
tours should move very little in an approximately
known direction. However, in natural environ-
ments, knowing the motion is a strong assump-
tion due to weather conditions like the wind:
heavy wind can cause the UAV to drift. There-
fore, we assume that the movements are small,
but we do not pose any constraints on the di-
rection of the movement. For each apple clus-
ter in one image, we find a corresponding one
in the previous image, and keep our search lim-
ited within a small neighborhood of the orig-
inal contour bounding box. The off-the-shelf
strategy for this is template matching using nor-
malized cross-correlation (Briechle & Hanebeck
(2001)), but apples can look extremely similar,
and there are many occlusions for which some-
times we have a wrong match. To avoid such
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(a) Matching SURF features on a pair of images

(b) Matching SURF features on a pair of segmented images

Figure 7: SURF Feature Matching. Figure ( a) shows the SURF features in the entire image. Most
of them do not belong to apples. Instead, many of them actually belong to the sky. The number
of SURF features on the segmented images (Figure b) is relatively small. They lie on the corners
created by the segmentations rather than on the surface of the apples. In contrast, our features
(Figure 8) are much more robust and dense than SURF features.
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(a) Extracted matched contours

(b) Point correspondence between the contours

(c) Point correspondence between the full Images

Figure 8: Contour based feature matching. First we find the matching contours using the template
matching method described in Section 5.2.2 (Figure 8a). We assume that, within this very small
region, the relation between the contours is affine across consecutive frames. Since the solution
space is small, we enumerate over the entire space to find the affine transformation which provides
us with point correspondences (Figure 8b). Repeating this procedure for all the matching contours
provides us with point correspondences between the two images (Figure 8c).
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errors we will match both ways in the following
way:

• Suppose I1 and I2 are the two images and
cluster c2 is in I2.

• Find a template match for c2 in I1 within a
small neighborhood of an identity transfor-
mation.

• If there is a match, identify the contour c1
that corresponds to the template matching

• Use template matching to find the match of
c1 in I2.

• If the resulting contours match, it is deduced
that c2 matches c1.

With additional motion constraints we can
speed up the matching procedure. Two such
strategies are described in Appendix C. These
matches do not provide point correspondences.
To generate point correspondences we have to
align the contours to each other. Since a sin-
gle apple cluster is lying approximately in a 2D
plane, and the camera motion is very small, we
can assume that they are related by an affine
transformation. In order to find the correct affine
transformation between the matching contours,
we seek to minimize:∑

x

∑
y

I1(x, y)− I2(A ∗ (x, y)) (1)

where, I1 and I2 are the corresponding patches.
x, y are pixel locations and A is the affine trans-
formation. In our case, from our off-line path
planning algorithm, we know that rotation is ex-
tremely small and there is no scaling. There-
fore, we primarily solve for translation. Since
the solution space is small, we find out the best
affine transformation by exhaustive search. Sev-
eral techniques can be used to speed up this pro-
cess ( Baker & Matthews (2004)).

5.2.3 Matching Correction

Though the template match method is quite ro-
bust, some outliers may exist. Since the amount

Figure 9: The affine solution space. The search
space is small enough that the global minimum
can be found by enumeration.

of rotation and scale is very small, the lines con-
necting the matching points have similar angles.
The same can be deduced for the translation in
x and y directions. A quartile based outlier re-
moval technique (Hodge & Austin (2004)) is used
to get rid of the outliers. We use the inliers to
find some of the matches missed by template
matching. For the contours having no match,
we find corresponding contours within a small
boundary and match them using an affine warp.
If we find an affine warp which is within the quar-
tile range we add it to the matches.

5.2.4 Alignment of Features

We utilize point correspondences found in the
previous step for this procedure. The parts of the
contours in subsequent images that correspond
to each other in an affine way (i.e the parts of
the same apples across different images) can be
easily aligned with the calculated affine transfor-
mation matrices. For the alignment of parts not
related by an affine transformation, we calculate
the overall homography between the segmented
images using all the affine correspondences. Con-
ventionally, all the images are registered to a sin-
gle frame of reference. This procedure causes
the resolution of the entire image to be reduced
with increasing number of frames- as we look at
the images from a different perspective than it
was originally captured from. Our pixel based
counting algorithm performs better with higher
resolution. In the next section, we discuss how
to change the reference frame after a number of
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intervals to improve the resolution.

5.2.5 Changing the Reference Frame

In order to keep track of apples across images,
we first find contours in each image. We then
warp each contour to a reference frame. This
way, contours corresponding to the same apple
across images are mapped to the same location
in the reference frame.

However, as the camera moves, the current
view can be significantly different from the ref-
erence view. If this happens, the contour in the
current view can be mapped to a much smaller
area in the reference view. This, in turn, results
in significant loss of resolution. In order to solve
this problem, we dynamically change the refer-
ence frame.

In our approach, each apple is associated with
a set of contours and a dedicated reference frame
onto which the contours are warped. This way,
each contour will be warped to a reference frame
which is close to it. That is, the reference frame
associated with the contour is close to the orig-
inal viewpoint for each contour. Therefore the
resolution will be preserved.

The flow diagram of the procedure is presented
in Figure 6. We start with the first image frame
as the reference frame. Afterwards, for each im-
age pair, we find the affine transformation be-
tween each matched contour as described in Sec-
tion Feature Mapping. When none of the con-
tours of the current image matches any of the
contours of the current reference frame, we make
the current image the new reference frame. The
procedure guarantees that for each apple, its con-
tours across images are registered to the same
region in the reference image without significant
loss of resolution. These warped contours are
then input to the counting algorithm, which is
presented next.

5.3 Counting the Number of Apples

To count the number of apples, mutually exclu-
sive images generated by the registration process
(Figure 10) are employed. These views enable us
to utilize all available information. From each of

these views, contours are detected and an ap-
proximate size of the apples and depth is used
to select a pixel resolution level – i.e. the size of
a pixel window W which would contain a single
apple. Given the resolution of the apples, a win-
dow of size W is slid through each cluster bound-
ing box. For each W , if more than sixty percent
of W contains apple pixels, it is concluded that
this subsection of the cluster contains an apple.
If the window has less than the required num-
ber of apple pixels,the edge of the window e to
which most of the apple pixels are at close prox-
imity is found and the neighboring window N
ending on this edge is considered. If there are
apple pixels close to the sharing edge e in N and
together with the previously counted pixels more
than the required number is achieved, it is con-
cluded that this is an apple. The groups of pixels
identified as apples are marked to avoid double
counting. Algorithm 1 outlines this approach.

5.4 Estimating the Diameter of Indi-
vidual Apples

In order to estimate the size of the apples, we es-
timate their diameters using stereo images. We
use the registered segmented images as input for
this step. Since calculating the individual ap-
ple boundaries from low resolution images is dif-
ficult, we limit our approach to clusters which
contain only a single apple. To detect clusters
containing a single apple, we use the counting al-
gorithm from the previous section. The registra-
tion procedure ensures cumulative use of all the
information available. We start by computing
the 3D coordinates of all points on the contour
(of a single apple) with stereo. Since we roughly
know the distance from the apples d, we prune
all points there at a depth of d + ∆t. Here, ∆t

models the navigation and modeling uncertainty
(we use ∆t = 1 cm). From the remaining points,
we consider all pairs of points which have simi-
lar depth (less than 1 cm in our implementation).
The reasoning behind this choice is simple - the
camera captures frontal views which are almost
planar resulting in minimal depth difference. All
the remaining points ideally belong to the visi-
ble surface of an apple. To find the diameter
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(a) Frames warped to a single frame of reference resulting in loss of resolution

(b) First reference frame in our
approach (c) Second reference frame (d) Third reference frame

Figure 10: As we use a pixel based counting method, counting from the total image is difficult as
warping results in poor resolution. Therefore we break up the frames when the current frame has no
matches with the reference frame and make the current frame a new reference frame. Here we show
results across twenty five frames. Figure (a) shows the combined image which has poor resolution
as a result of warping. Figures b,c and d show the breaking up of the total frame into three disjoint
frames. We count from the independent reference frames using our counting procedure described
in Section 5.3.
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1: INPUT:
IMG: best contour of the apple cluster across
frames at a particular location,
res: resolution of the apples to be detected
w × h,

2: OUTPUT:
count: total number of apples in cluster

3: begin
4: make a copy of IMG and assign to I.
5: pad I so that its resolution is a scalar

multiple of res
6: count← 0
7: for all pixels I(x, y) where

x− res.w < I.width ∧ y − res.h < I.height
do

8: consider a rectangular window rec of
dimension res.w × res.h starting from
I(x, y)

9: pCount← total number of Apple pixels
in the rectangle

10: if pCount
area(rec) > .6 then

11: count = count +1
12: set all the RGB components

of I(x, y) inside rec to zero
13: else
14: find the edge of the rec for which the

number of apple pixel nearest to it is
maximum

15: let tCount be the number of pixels
close to this edge

16: nCount←find the pixels in the
neighboring rectangle which are
nearest to this edge

17: if tCount+nCount
area(rec) > .6 then

18: count = count +1
19: set all the RGB components of the

pixels
counted in this step to zero

20: end if
21: end if
22: end for
23: end

Algorithm 1: Counting the number of Apples
from Segmented Apple Cluster

we just fit a circle to this points. The diameter
of this circle provides an estimate of the radius
of the apple. Figure 11 demonstrates the stereo
pipeline.

6 Experiments

In order to validate the performance of the off-
line planning algorithm, we performed trials in
three different apple orchards. We started by
marking the GPS coordinates of the two ends
of the traversable paths for each row. We then
computed a sawtooth trajectory for the UAV us-
ing the offline view planning algorithm presented
in Section 4. The algorithm takes as inputs the
bounding GPS coordinates, the maximum height
of the trees in a row, the camera field-of-view
angles and distance of the traversable path from
the apple trees. The output produced is the se-
quence of GPS coordinates that must be visited
in order to have full coverage of the row. This
sequence is given as input to the on-board au-
tonomous waypoint navigation controller. Fig-
ure 12 shows the computed and actual trajectory
for one trial. Figure 13 shows the errors between
the actual trajectory and the input trajectory.
The mean square errors of the Cartesian coordi-
nates between the trajectories at each time step
are MSEx = 26.82 cm2, MSEy = 11.83 cm2,
MSEz = 16.82 cm2 while the Euclidean distance
error is MSEED = 58.31 cm2. The errors are in
part due to the accuracy of the GPS receiver.

To verify the counting process, we segmented
apple clusters from the captured images and ap-
plied our counting algorithm on these clusters.
Table 1 shows some representative results. The
counting algorithm is conservative and depends
only on the total number of apple pixels. Con-
sequently, in some cases the number of apples
counted by this algorithm is less than the ac-
tual count. We estimated the diameter of apples
for part of a row in an orchard. Figure 11e
shows a histogram of the results. We analyze
the diameter estimation process in the follow-
ing section. The video accompanying this paper
demonstrates results for the segmentation and
registration procedure presented in Section 5.
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(a) Left image (b) Right image

(c) Disparity image (d) Point cloud from stereo

(e) Histogram of apple radius (in mm) for an entire row

Figure 11: Disparity map and apple radius histogram.
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Figure 12: Real trajectory (Red) vs computed
trajectory (Blue).

Figure 13: Errors between the computed trajec-
tory and the actual trajectory.

7 Error Analysis

In this section, we investigate the error in esti-
mating apple diameter using the stereo system.
Since diameter computation can be performed in
the stereo camera frame, errors in UAV localiza-
tion do not directly affect this computation.

We first investigate errors due to finite pixel
resolution: even if we could find the pixel con-
taining the contour precisely, we do not know the
true location inside the pixel. This error prop-
agates to diameter estimation as follows. Basic
geometry yields the equation Z = fB/d where
f is the focal length, Z is the depth, B is the
baseline, and d is disparity. A lower bound on
the expected error can be obtained by a simple
sensitivity analysis which yields that errors in
disparity propagate to errors in depth by:

∂Z =
Z2

fB
∂d (2)

Table 1: Counting Apples from Apple segments.

Apple Cluster Prediction Ground Truth

1 1

2 2

2 2

3 4

4 6

3 3

7 7

7 11

Figure 14: Finite resolution error calculation.

In our set up, the camera focal length is f =
2.8× 10−3m , the baseline is B = 0.01m and the
pixel size is 3.75×10−6m. Hence, when the cam-
era is 1m away from the apple, the error in depth
is 0.013m. Then the depth error ∂Z causes the
diameter estimation error as shown in Figure 14.
For our test apple, which is 0.08m in diameter,
this yields an error of 1.25 %.

In general, the error is expected to be more
than a single pixel, since blurriness makes it hard
to localize the contour. In the setup shown in
Figure 16, at 1m, the average error was 4.3 ×
10−4m, which is 0.61% error for a 0.08m apple.
At 1.5m away, the error averaged out to be 1.63×
10−3m, which is 2.25% error for a 0.08m apple.
The measurements are shown in Table 2.

8 Conclusion

In this paper, we showed that images obtained
from a standard stereo camera pair mounted on

16



Table 2: Marker distance estimation error on A,B,and C apples

Apple ID
Camera distance
from Apple [m]

Actual Distance
[m]

Measured Distance
[m]

Error [m] Error [%]

A 1 0.066 0.068 0.002 3.03

B 1 0.066 0.0661 0.0001 0.15

C 1 0.064 0.0632 -0.0008 -1.25

A 1.5 0.066 0.069 0.003 4.55

B 1.5 0.066 0.0697 0.0037 5.61

C 1.5 0.064 0.0622 -0.0018 -2.81

Figure 15: An apple with two black markers on
left and right sides.

Figure 16: Experiment setup showing the mark-
ers.

a small aerial vehicle can be used for detecting,
counting and measuring the diameters of apples
in an orchard under natural conditions. Our
main technical contribution is a new method to
register apples across images in a robust fashion
which lays the ground for estimating their diam-
eter and number.

For our next step, we would like to collect
ground truth data and evaluate during the har-
vest season to better understand the limits of the
current system in terms of robustness, longevity
and accuracy.
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Appendix A Index to Multi-
media Extension

Index to Multimedia Extension

Extension Media Type Description

1 Video Yield estimation
process in an ap-
ple orchard: http://

agricultural-robotics.

cs.umn.edu/
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Appendix B Segmentation Al-
gorithm

INPUT:
IMG: input image,
blocksize: blocksize for color averaging,
color: primary color of the apples to be
detected
OUTPUT:
ISEG: segmented apple image,
boundaries: contour boundary for apple
clusters
begin
Make a copy of IMG and assign to I.
for all pixels I(x, y) do

[r̂, ĝ, b̂]← average colors using blocksized
neighborhood around I(x, y)
if max{r̂, ĝ, b̂} 6= r̂ then

set all the RGB components of I(x, y) to
zero

else
if ((r̂ − b̂ < 25 ∨ r̂ − ĝ < 25) ∧ r̂ >
200) ∨ (r̂− b̂ < 10) ∨ (r̂− ĝ < 10))∧ color
= red then

set all the RGB components of I(x, y)
to zero

else if (ĝ − b̂ > 30) ∨ (ĝ + b̂ >
270) ∨ (ĝ − b̂ < 40 ∧ r̂ − ĝ < 50 ∧ r̂ > 79)
then

set all the RGB components of I(x, y)
to zero

end if
end if

end for
ISEG← I
edge ← Canny(I) {Canny Edge
detection Canny (1986)}
boundaries←findContour(edge) {contour
finding function from opencv Bradski &
Kaehler (2008)}
end

Algorithm 2: Segmentation of Apple Pixels

Appendix C Speeding up Con-
tour Matching
with Known Mo-
tion and Small
Motion Con-
straints

While matching contours, we made no assump-
tion about the direction of motion. If however,
the directional constraints are known (e.g from
inertial measurement unit (imu) data) we can
use additional global matching strategies. For
example, we can use the Hu moments with mo-
tion constraints to find out the matches. This
process takes O(k2) time where k is the number
of contours and k is very small compared to the
size of the image. The exact way of comparing
the contours c1, c2 using this method is the fol-
lowing:

M(c1, c2) = max
i=1,...,7

|mc1
i −mc2

i |
|mc1

i |
(3)

mc1
i = sign(hc1i ) ˙log hc1i

mc2
i = sign(hc2i ) ˙log hc2i

where hc1i and hc2i are hue moments ( Hu
(1962)) of c1 and c2 respectively. We used the
OpenCV ( Bradski & Kaehler (2008)) implemen-
tation of the function.

If the motions are small enough that all the
contours are overlapping in both images, we can
just take a bounding rectangle based approach.
For each contour we will find a bounding rect-
angle and find the intersecting rectangles from
the previous image. We will pick the contour
whose bounding rectangle produced the biggest
intersection.

Appendix D Using 3D Align-
ment for Regis-
tration

The onboard stereo pair provides depth measure-
ments for each frame. Using the correspondences
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between successive stereo pairs, we set up a sys-
tem of linear equations to solve for the rotation
and translation between the 3D point clouds and
register them. This procedure involves match-
ing between both left-left and left-right images
which results in accumulation of error with in-
creasing number of frames. As a result, we find
multiple views of a single cluster are being reg-
istered as separate apple clusters. This tech-
nique also suffers from the fact that the number
of left-left matches are significantly more com-
pared to left-right matches causing many points
to have non-decipherable depth. Bundle adjust-
ment techniques (Agarwal et al. (2010)) which
are used to refine this reconstruction, require ro-
bust matches which are hard to obtain using con-
ventional feature detectors (Figure 7). Figure 17
shows the comparison between 3D alignment and
our registration method.

Appendix E Using Structure
from Motion for
Registration

In this section we show the performance of regis-
tration using structure from motion techniques.
We used a state of the art tool “Visual SFM
” from Wu (2011). This tool has the capabil-
ity to produce sparse and dense reconstruction
given a set of captured images (with/without a
calibrated camera) and also incorporates bun-
dle adjustment. This tool did not work very
well for the apple images. The SIFT (Lowe
(1999)) feature detector it uses struggles to find
the correct correspondences (Figure 18a). Con-
sequently, despite bundle adjustment the sparse
reconstruction had very few points and the cal-
culated camera trajectory was incorrect. Figure
18b shows the reconstruction from Visual SFM
for ten frames. These are the same frames used
by our algorithm and 3D alignment. The 3D
reconstruction using those two method can be
found in Figure 17.
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