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 A B S T R A C T

Vineyard managers traditionally count grape clusters manually for yield estimation, a process that is both 
time-consuming and labor-intensive. Recent advances in computer vision enable autonomous tracking, yet 
state-of-the-art methods often rely on re-identification networks that require expensive, hard-to-obtain in-
stance ID annotations. This study addresses this challenge by evaluating the real-time tracking performance 
and counting accuracy of SORT, DeepSORT, ByteTrack, and the newly proposed SORT+ and DeepSORT+ 
algorithms. SORT+ and DeepSORT+ incorporate a novel matching cascade that leverages the complementary 
strengths of Mahalanobis, IoU, and Euclidean distances. Crucially, this approach allows SORT+ to achieve 
robust performance without the need for additional training data.

The extended matching cascade offers large improvements for SORT, making the training-free SORT+ 
comparable to the deep-learning-based DeepSORT. It increases MOTA and IDF1 by 5% to 6%, while decreasing 
ID switches by 62%. SORT+ improves the counting accuracy from 33% to 96%. DeepSORT+ shows further 
performance gains, decreasing ID switches by 12% compared to DeepSORT.

This work illustrates the feasibility of using unmanned aerial vehicles (UAVs) to autonomously track and 
count grape clusters in challenging real-world vineyard settings. By potentially improving yield estimation and 
non-destructive robotic farming, these findings support sustainable farming practices and economic growth.
1. Introduction

Wine not only plays an important role in culinary culture world-
wide, but also generates approximately 339 billion dollars in revenue 
annually, with an expected growth rate of 1.5% each year (Statista, 
2025). This market drives technical advances aimed at optimizing 
grape monitoring for precision agriculture and disease prevention, 
as well as improving grape yield estimation to inform logistical and 
financial decisions for vineyards and the wine industry at large. Tra-
ditional methods of estimating grape yield involve laborious and time-
consuming manual counting, which is prone to human error. Emerging 
technologies, such as unmanned aerial vehicles (UAVs) for fast video 
capture and recent advances in computer vision offer promising solu-
tions to these challenges (Khokher et al., 2023; Ariza-Sentís et al., 2023; 
Shen et al., 2023; Orlandi et al., 2025; Wu et al., 2023; Kumar, 2025). 
The challenge in automatic grape counting is to detect all unique grape 
clusters in a video sequence without missing or double-counting any 
clusters.
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Two possible approaches for counting all unique clusters in a video 
sequence are object tracking and image stitching. The latter combines 
multiple video frames into a single, comprehensive panorama. This 
method allows for object detection on one static image, inherently 
avoiding the issue of double-counting instances. While image stitching 
has shown promise for yield estimation (Aquino et al., 2018), it 
can suffer from drawbacks such as the loss of grape clusters during 
panorama creation and a higher susceptibility to false positives com-
pared to video-based methods (Khokher et al., 2023). Object tracking, 
by contrast, links detections of the same object across consecutive 
frames to establish its trajectory. Beyond fruit counting, tracking can 
be applied in agriculture for tasks such as robotic harvesting as well 
as in broader domains including surveillance, traffic monitoring and 
bulk material sorting (Maier et al., 2021). Given that tracking can filter 
transient detection errors over consecutive frames and offers greater 
flexibility, this study focuses on the advancement and evaluation of 
tracking algorithms. 
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Tracking grape clusters, using a Kernelized Correlation Filter (Hen-
riques et al., 2015) and Faster R-CNN (Ren et al., 2015) for detec-
tion, Jaramillo et al. (2021) demonstrate that automated counting 
outperforms manual methods and is more robust across sections with 
varying grape densities.

While the tracking of fruit, such as mangoes and apples, has been 
researched since the mid 2010s (Stein et al., 2016; Wang et al., 2019), 
automated grape tracking started only in 2020 with the introduction 
of the WGISD dataset (Santos et al., 2019) by Santos et al. (2020). 
Until 2023, studies on grape tracking and counting served primarily 
as a proof of concept and did not evaluate tracking performance.

In 2023, Ciarfuglia et al. (2023), Ariza-Sentís et al. (2023), and
Saraceni et al. (2024) began to evaluate their tracking performance. Sara
et al. (2024) was the first to rigorously benchmark multiple algorithms 
using standardized metrics, an effort that was only recently expanded 
by Zhai et al. (2025).

What is the best tracking algorithm to achieve high tracking perfor-
mance and counting accuracy?

This study expands the current research by implementing and rigor-
ously evaluating five tracking algorithms, each fine-tuned for the UAV 
RGB Video dataset from Sentís et al. (2021).

Several grape datasets annotated with bounding boxes (bboxes) and 
masks are available, while Sentís et al. (2021) and Saraceni et al. (2024) 
provide the only publicly accessible datasets that assign instance IDs 
to grape clusters. Therefore, in the absence of instance ID annotations, 
many researchers have relied on mathematical motion predictions, such 
as Simple-Online-Realtime-Tracking (SORT) (Bewley et al., 2016) or 
geometric similarities, for re-identification.

Shen et al. (2023) and Jaramillo et al. (2021) employ mathematical 
algorithms to predict the motion of the grape clusters and match them 
with detections in real time. Shen et al. (2023) track instances (grape 
clusters) with SORT (Bewley et al., 2016).

In Jaramillo et al. (2021), a Kernelized Correlation Filter (Henriques 
et al., 2015) correlates the appearance features of a grape cluster with 
the next frame, predicting its position. Afterwards, the predictions are 
matched to the detections using an Hungarian Algorithm (Kuhn, 1955).

Arlotta et al. (2023) simulate a virtual vineyard instead of using a 
dataset to test tracking. In their study, a virtual robot is tasked to track 
and harvest grapes using an Extended Kalman Filter (Kalman, 1960).

Saraceni et al. (2024) compare and evaluate the grape tracking 
results of SORT (Bewley et al., 2016), BoTSORT (Aharon et al., 2022), 
OC-SORT (Cao et al., 2023), ByteTrack (Zhang et al., 2022), Strong-
SORT (Du et al., 2023) and a new tracker named AgriSORT (Saraceni 
et al., 2024).

The tracking algorithm SORT (Bewley et al., 2016) and its further 
developments have been successfully used in fruit tracking tasks (Shen 
et al., 2023; Ciarfuglia et al., 2023; Saraceni et al., 2024; Stein et al., 
2016; Li et al., 2022; Fang et al., 2022; He et al., 2022; Kirk et al., 
2021). SORT (Bewley et al., 2016) is designed for speed and efficiency, 
making it suitable for real-time applications. It relies on a Kalman 
Filter (Kalman, 1960) that predicts the position of a tracked instance, 
which is then matched to the actual detection using the Hungarian 
algorithm (Kuhn, 1955).

DeepSORT (Wojke et al., 2017) uses the Mahalanobis distance (Ma-
halanobis, 1936) and a CNN as a re-identification network to match de-
tections with track predictions. The CNN is trained to extract spatially 
close feature vectors from similar-looking instances. StrongSORT (Du 
et al., 2023) improves on DeepSORT (Wojke et al., 2017) by using 
the feature updating strategy proposed in Wang et al. (2020), camera 
movement compensation (Evangelidis and Psarakis, 2008), and a more 
robust Kalman Filter (Kalman, 1960). With small changes in Deep-
SORT (Wojke et al., 2017), StrongSORT (Du et al., 2023) achieves 
state-of-the-art results on multiple benchmarks.

ByteTrack (Zhang et al., 2022) recovers low confidence detections 
and matches them with track predictions, improving tracking per-
formance in crowded videos especially. OC-SORT (Cao et al., 2023) 
estimates motion using the Taylor polynomial.
2 
CSTMTrack (Xie et al., 2024) extends OC-SORT (Cao et al., 2023) by 
combining deep association metrics and motion information in a match-
ing cascade. The extended matching process improves the tracking 
results in most metrics.

Zou et al. (2022) replace the Hungarian matching algorithm (Kuhn, 
1955) in SORT (Bewley et al., 2016). Their method integrates the 
matching threshold directly into the cost matrix, rather than using 
it as a post-processing filter. Before applying the Hungarian algo-
rithm (Kuhn, 1955), they assign a prohibitively high cost to any po-
tential match exceeding the distance threshold, constraining the opti-
mization to find an optimal assignment of exclusively valid pairings.

Some extensions of SORT (Bewley et al., 2016) aim to improve 
fruit tracking specifically. He et al. (2022) recognize that only the 
camera moves in agriculture. Therefore, their tracking algorithm Cas-
cadeSORT (He et al., 2022) replaces the re-identification network in 
DeepSORT (Wojke et al., 2017) with a traditional image retrieval 
method (Jégou et al., 2010) that does not require training data for 
feature matching, but is adequate for stationary instances.

AgriSORT (Saraceni et al., 2024) assumes that only the camera 
moves, while the instances remain stationary. To predict camera move-
ment, a Kalman Filter (Kalman, 1960) first predicts the motion of the 
grape clusters and then ‘‘Lucas-Kanade sparse optical flow correspon-
dences’’ (Lucas and Kanade, 1981) estimates the camera’s motion. This 
estimated camera motion is then utilized to predict the coordinates of 
the grape bounding boxes, keeping height and width the same.

Kirk et al. (2021) add a variable to the Kalman filter (Kalman, 1960) 
in DeepSORT (Wojke et al., 2017) that represents the position of the 
camera in the row. Furthermore, they rework the CNN architecture, 
the appearance feature space, the matching cascade, and data pre-
processing, achieving higher counting accuracy in strawberry counting 
compared to DeepSORT (Wojke et al., 2017).

Extending the matching process of SORT (Bewley et al., 2016) can 
greatly improve results (Wojke et al., 2017; Cao et al., 2023; Zhang 
et al., 2022; Du et al., 2023; Aharon et al., 2022; Xie et al., 2024; 
Zou et al., 2022; He et al., 2022; Saraceni et al., 2024; Kirk et al., 
2021). However, state-of-the-art extensions (Wojke et al., 2017; Du 
et al., 2023; Aharon et al., 2022; Xie et al., 2024) often rely on deep re-
identification networks, which require training datasets with annotated 
instance IDs. In the agricultural domain, creating such datasets is pro-
hibitively labor-intensive and prone to human error compared to simple 
bounding box annotations. Furthermore, the original implementation of 
SORT (Bewley et al., 2016) uses only the IoU-overlap to match track 
predictions with detections, which is insufficient when detections are 
partial or fragmented due to foliage occlusion. 

To address these limitations, we propose a systematic extension 
of the matching cascade. Leveraging the strengths of various distance 
measures, we introduce SORT+ and DeepSORT+. Both algorithms ex-
tend the matching process by incorporating the Mahalanobis distance, 
the IoU-overlap, and the Euclidean distance. Crucially, these similarity 
measures allow SORT+ to achieve robust tracking performance without 
requiring a trained re-identification network or ID-labeled training 
data, effectively bypassing the annotation bottleneck. For DeepSORT+, 
which utilizes appearance features, the extended cascade further re-
fines association accuracy in cases where visual cues are ambigu-
ous. Thus, the extended matching process improves DeepSORT (Wojke 
et al., 2017) and greatly improves SORT (Bewley et al., 2016), while 
remaining easy to implement.

Extending the matching process of SORT (Bewley et al., 2016) 
can greatly improve results (Wojke et al., 2017; Cao et al., 2023; 
Zhang et al., 2022; Du et al., 2023; Aharon et al., 2022; Xie et al., 
2024; Zou et al., 2022; He et al., 2022; Saraceni et al., 2024; Kirk 
et al., 2021). Nevertheless, they are mostly difficult to implement 
and require training data, when using a re-identification network. The 
original implementation of SORT (Bewley et al., 2016) uses only the 
IoU-overlap to match the track predictions with the detections, while 
disregarding many other distance measures. Leveraging the strengths 
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Table 1
The table compares datasets available for grape detection, segmentation, and tracking. ‘‘Var’’ denotes the number of grape varieties 
included. ‘‘IDs’’ indicates whether instance ID annotations are used. Datasets with ‘‘Masks’’ are suitable for instance segmentation. 
‘‘Occ’’ indicates occlusion (i.e., presence of partially occluded grape clusters).
 Dataset Labeled Var IDs Masks Occ MOT(S)A 
 UAV RGB Sentís et al. 2021 681 1 x x x −8.2%  
 WGISD Santos et al. 2019 300 5 x x 46.7%  
 WSU Full Stages Zhang et al. 2020 459 2 x  
 AI4Agriculture Morros et al. 2021 250 1 x  
 GrapeCS-ML Seng et al. 2018 2078 15  
 GrapeUNIPD-DL Sozzi et al. 2022 271 4 x  
 CERTH Blekos et al. 2024 2502 1 x x  
 Lazio Saraceni et al. 2024 800 1 x x 66.1%  
of various distance measures, we propose SORT+ and DeepSORT+. 
They extend the matching process by incorporating the Mahalanobis 
distance, the IoU-overlap, and the Euclidean distance. These distance 
measures require no additional data or much computation. Thus, the 
extended matching process improves DeepSORT (Wojke et al., 2017) 
and greatly improves SORT (Bewley et al., 2016), while being easy to 
implement.

This work aims to serve as a reference point for the emerging field of 
grape tracking, counting, and yield estimation by making the following 
contributions:

1. Proposing an extended matching cascade for the trackers
SORT (Bewley et al., 2016) and DeepSORT (Wojke et al., 2017), 
which are referred to as SORT+ and DeepSORT+.

2. Presenting a comprehensive evaluation of the tracking perfor-
mance of SORT (Bewley et al., 2016), DeepSORT (Wojke et al., 
2017), ByteTrack (Zhang et al., 2022), SORT+ and DeepSORT+, 
employing the uniform Mask R-CNN network (He et al., 2017) 
and utilizing bootstrapping (Mooney et al., 1993).

3. Evaluating the counting accuracy of the tracking algorithms to 
determine their suitability to estimate grape yield.

The algorithms were implemented, trained, and evaluated using 
Open-MMLab’s MMTracking toolbox (https://github.com/open-mmlab/
mmtracking) on a Windows 10 platform. MMTracking was modified, 
and new code was added. The altered code and detailed configuration 
of the detector and trackers is publicly accessible on GitHub (https:
//github.com/Jax377/Grape-Detection-and-Tracking.git).

2. Materials and methods

2.1. Dataset

A re-identification network, like the one used in DeepSORT (Wojke 
et al., 2017), classifies which grape clusters are the same (have the same 
instance ID) by comparing detected grapes across frames. Training 
such a network requires grape clusters in the training subset to be 
annotated with instance IDs. While trackers like SORT (Bewley et al., 
2016) or Structure from Motion (SfM) (Hartley and Zisserman, 2003) 
do not require a re-identification network, evaluating their tracking 
performance necessitates instance ID labels in the test subset. (See 
Table  1.)

Only the UAV RGB Video dataset (Sentís et al., 2021) and the 
Lazio dataset (Saraceni et al., 2024) contain instance IDs and are 
therefore suitable to evaluate tracking. Because the camera does not 
capture the entire vine row, the dataset of Saraceni et al. (2024) is best 
suited for applications in robotic detection and tracking, rather than for 
estimating grape yield. For segmenting and counting grape clusters, the 
UAV RGB Video Dataset, published by Sentís et al. (2021) continues 
to be the most suitable dataset available and is therefore used in this 
study.
3 
Fig. 1. Third annotated image from row 7.4.2. Red boxes: Grape clusters that 
are not annotated on the vine row of interest. Blue boxes: Grape clusters in 
the background. Orange boxes: Ground Truth data of annotated grape clusters.

UAV RGB Video dataset problems
The UAV RGB Video dataset (Sentís et al., 2021) faces two major 

issues that hinder detection and consequently tracking, as well as 
a third problem that presents difficulties specifically for grape yield 
estimation.

1. The grape clusters occupy a very small area in the frame, ranging 
from 0.01% to 0.17%, which is less than half the size typically 
seen in other available datasets. This significantly reduces track-
ing accuracy, as the algorithms depend on bounding box overlap 
across frames.

2. Some grape clusters were not identified and thus not annotated. 
Refer to Fig.  1. This negatively affects the detector’s performance 
and, by extension, the tracker’s accuracy. Moreover, the missing 
annotations cause false positives that should have been true 
positives, substantially lowering the MOTA and MOTSA scores.

3. Grape clusters present in vine rows in the background (see 
Fig.  2) are incorrectly detected as false positives. This not only 
further reduces the MOTA and MOTSA scores, but also falsely 
inflates yield calculations.

The UAV RGB Video dataset (Sentís et al., 2021) was partitioned 
into a training set and a test set. The training set consists of 528 
annotated images, while the test set contains 136 images from distinct 
video sequences, as detailed in Table  2. Each video sequence contains 
between 250 and 2000 frames and, on average, approximately 22 of 
those frames are annotated.

2.2. Detection metrics

The Intersection over Union (IoU) measures the overlap between 
two bounding boxes, typically between a detection and a ground truth. 
If the IoU exceeds a specified threshold (e.g. 0.5), the prediction is 
classified as a true positive (TP) and otherwise as a false positive 
(FP).  Precision is the model’s accuracy in identifying TPs among all 

https://github.com/open-mmlab/mmtracking
https://github.com/open-mmlab/mmtracking
https://github.com/open-mmlab/mmtracking
https://github.com/Jax377/Grape-Detection-and-Tracking.git
https://github.com/Jax377/Grape-Detection-and-Tracking.git
https://github.com/Jax377/Grape-Detection-and-Tracking.git
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Fig. 2. The image from row 8.1 is zoomed in on detected grape clusters in 
the background.

Table 2
For the training/test split, four vine rows of the UAV RGB Video dataset (Sentís 
et al., 2021) were split into subsequences. 
 Subset Rows  
 Training set 4.3.2, 4.4.2, 4.4.4, 6.1.3, 6.1.4, 6.2.1, 6.2.2, 6.3, 
 7.1.3, 7.1.4, 7.2.1, 7.2.2, 7.2.3, 7.2.4, 7.3.1,  
 7.3.2, 7.3.3, 7.3.4, 7.4.1, 7.4.2, 8.2, 8.3, 8.4  
 Test set 4.2.1, 6.1.1, 6.1.2, 7.1.1, 7.1.2, 8.1  

detections it makes. Recall is the percentage of detected TPs out of 
the total number of TPs that were possible to detect. A Precision–
Recall curve can be created for a certain IoU-threshold by plotting 
Precision and Recall on a graph for confidence scores from 0.00 to 1.00 
in increments of 0.01 ([0.00, 0.01,… , 0.99, 1.00]).  The mean Average 
Precision (mAP) for a certain IoU-threshold, such as 0.5, equals the 
area under the Precision–Recall curve. This area can be calculated 
using the trapezoidal rule. Traditionally in object detection, mAP refers 
to the average of the mAPs calculated at the IoU-thresholds ranging 
from 0.50 to 0.95 in increments of 0.05 ([0.50, 0.55,… , 0.90, 0.95]). 
The average mAP usually serves to identify the optimal checkpoint 
(weights at a certain iteration/epoch) for a model. To calculate APsmall, 
mAPmedium and mAPlarge the bounding boxes are categorized as small, 
medium, or large. The size classifications follow the COCO standard 
classifications (Lin et al., 2014). The mAP can be calculated similarly 
for masks using the same methodology.

2.3. Tracking metrics

Due to the high occlusion and the small size of the grape clusters in 
the Appendix (Sentís et al., 2021), the resulting detector often detects 
only parts of a grape cluster. The Hungarian Algorithm (Kuhn, 1955) 
makes an optimal one-to-one assignment by maximizing the average 
IoU-overlap. If matches exhibit less than 20% IoU-overlap, they are 
unmatched, making the detection a false positive (FP) and the ground 
truth (GT) a false negative (FN). The 20% IoU-threshold strikes a 
good balance between accurately assigning correct detections to GTs 
and minimizing the number of ID switches (IDsw) due to incorrect 
assignment. To evaluate tracking, we use the metrics IDsw, Multi Object 
Tracking Accuracy (MOTA), Multi Object Tracking Precision (MOTP), 
IDF1, and counting accuracy.

IDsw counts the number of times the tracker incorrectly switches 
the identity of a grape cluster from one instance ID to another. MOTA 
is one of the most important metrics to evaluate tracking performance. 
However, MOTA is influenced by the performance of the detector. Poor 
detection results cause poor MOTA scores. Multi Object Tracking and 
Segmentation Accuracy (MOTSA) closely resembles MOTA, but also 
incorporates segmentation masks to calculate TPs, FPs and FNs. MOTA 
is based on FP, FN, and IDsw. MOTP evaluates the precision with 
which the locations of the tracked objects are estimated. This happens 
4 
Fig. 3. Graphical illustration of the Mask R-CNN Architecture presented by He 
et al. (2017).

independently of how accurately instance IDs are assigned to tracks. 
MOTP is based on IoU. The closer MOTP is to 1, the more accurate the 
Multi Object Tracking Precision is. Multi Object Tracking and Segmen-
tation Precision (MOTSP) is very similar to MOTP, but it also includes 
the segmentation model’s masks to calculate the IoU-overlap between 
the masks and their corresponding ground truths (GTs). IDF1 is a 
metric that assesses an algorithm’s capability to accurately identify and 
maintain instance IDs of objects over time. It offers a single measure 
that reflects both the accuracy and the robustness of the tracking in 
maintaining consistent identities. Counting accuracy is a metric that 
evaluates the precision with which a tracking algorithm counts the 
number of grape clusters in a dataset. 

Counting Accuracy = 1 −
|

|

|

|

𝐴𝐺 − 𝐶𝑇
𝐴𝐺

|

|

|

|

(1)

𝐴𝐺 represents the number of annotated grape clusters in the dataset, 
while 𝐶𝑇  denotes the number of grape clusters counted by the tracking 
algorithm.

2.4. Mask R-CNN for detection

Research conducted by Poblete-Echeverria et al. (2025), Olenskyj 
et al. (2022), Lopes and Cadima (2021) explores which attributes 
most closely correlate with grapevine yield. Lopes and Cadima (2021) 
demonstrate that, during the final stages of berry ripening, the area 
of the grape clusters is a more accurate predictor of yield than the 
total number of berries counted. This finding is supported by Olenskyj 
et al. (2022), where the grape cluster area shows a stronger correlation 
with yield compared to the number of grape clusters. Consequently, 
a Mask R-CNN network (He et al., 2017) was chosen for detection, 
due to its ability to output the areas of the grape clusters. However, 
caution is advised when applying the findings from one grape species to 
another, as Lopes and Cadima (2021) observe differences in the results 
depending on the grape species.

A Mask R-CNN network, as proposed by He et al. (2017) extends 
the functionalities of Faster R-CNN (Ren et al., 2015) by introducing 
an additional branch that predicts segmentation masks for each Re-
gion of Interest (RoI). This enables the model to perform both object 
detection – identifying bounding boxes around objects – and instance 
segmentation – generating pixel-level masks for each object. The Mask 
R-CNN (He et al., 2017) framework is built from several components 
as illustrated in Fig.  3. Each component is customizable or interchange-
able to best suit the task at hand. For details on configurations, the 
reader is referred to Bouraya and Belangour (2021).

The Mask R-CNN detector was trained on the 528 images of the 
training set. As this research focuses on evaluating trackers rather 
than the detector itself, we aimed to provide the trackers with the 
best possible inputs. Therefore, the model from the training epoch 
that achieved the highest performance on the test set was selected 
for all subsequent experiments, forgoing a separate validation set. This 
approach ensures a fair comparison of the trackers’ performance.
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Fig. 4. Graphical illustration of the Simple Online and Realtime Tracking (SORT) algorithm presented by Bewley et al. (2016).
2.5. Tracking

This study examines two-step multi object tracking approaches, 
separating the process into distinct detection and tracking stages. As 
a result, detection functions independently of tracking. This modular 
framework allows for easy substitution of either the detector or the 
tracker.

To ensure full replicability, the complete source code, including 
all configuration files, hyper-parameters, and trained models used in 
this study, is publicly available at https://github.com/Jax377/Grape-
Detection-and-Tracking.git.

This section introduces three algorithms for the tracking step.

2.5.1. Simple online and realtime tracking (SORT)
The multi object tracking algorithm SORT, as introduced by Bewley 

et al. (2016), is designed for speed and efficiency, making it well-suited 
for real-time applications. The mathematical tracker does not depend 
on training data, which allows the application of SORT (Bewley et al., 
2016) on datasets lacking instance IDs in the training data.

An illustration of the SORT algorithm is shown in Fig.  4. Upon 
detecting all instances (grape clusters) in frame 𝑛, SORT (Bewley et al., 
2016) employs a Kalman Filter (Kalman, 1960) to predict the position 
of each grape cluster in the subsequent frame 𝑛 + 1. The Hungarian 
matching algorithm (Kuhn, 1955) is then used to optimally assign each 
predicted position to at most one detected instance in frame 𝑛 + 1, 
within certain regional constraints. The Kalman Filter (Kalman, 1960) 
continues to predict the positions of unmatched tracks for up to 50 
frames, until a detection match is found or the track is terminated. 
Detections that are not matched with any track initiate new tentative 
tracks, which are promptly removed if they remain unmatched. After 
a duration of five frames, a tentative track is confirmed. This helps to 
exclude false positives (FPs) from the count, as they are less likely to 
occur in five consecutive frames.

2.5.2. DeepSORT
Simple Online and Realtime Tracking with a Deep Association 

Metric (DeepSORT), developed by Wojke et al. (2017), extends the 
SORT (Bewley et al., 2016) algorithm by integrating a classifier to 
compare the appearances of objects (grape clusters) across frames. This 
feature makes DeepSORT (Wojke et al., 2017) potentially well suited 
for tracking grapes, because of the inanimate grape clusters and its 
capability to re-identify grapes that have been occluded or undetected 
for several frames.
5 
As can be seen in Fig.  5, DeepSORT (Wojke et al., 2017) builds 
upon the matching mechanism of SORT (Bewley et al., 2016) by 
implementing the Mahalanobis distance (Mahalanobis, 1936) to filter 
out improbable matches (below 0.5% probability) and employing a 
classification network (Fig.  6) that extracts appearance features of 
objects.

DeepSORT (Wojke et al., 2017) aims to re-identify grape clusters 
when there is no overlap between detection and track prediction fol-
lowing a period of occlusion, potentially reducing instance ID switches 
(IDsw) and increasing tracking performance.

2.5.3. ByteTrack
In traditional vineyards, the occlusion of grape clusters significantly 

hinders detection efforts. Partly occluded objects receive lower confi-
dence scores from the detection algorithm and are discarded if these 
scores fall below a specific threshold. This process results in the loss of 
true objects and leads to fragmented tracks.

ByteTrack, developed by Zhang et al. (2022), addresses this issue 
by recovering low-confidence detections that fit existing tracks.

The algorithm employs a matching cascade that prioritizes highly 
probable detections. Subsequently, the remaining track predictions are 
matched with the low-confidence detections. To handle cases where 
Mask R-CNN (He et al., 2017) detects two bboxes for the same track, 
ByteTrack (Zhang et al., 2022) scales the IoU-overlap between track 
predictions and detections based on the confidence scores of the de-
tections. This adjustment ensures that more confident detections are 
prioritized for matching, potentially increasing matching accuracy.

2.5.4. Our proposed extended matching cascade
The original implementations of SORT (Bewley et al., 2016) and 

ByteTrack (Zhang et al., 2022) rely solely on IoU-overlap for match-
ing tracks with detections. DeepSORT (Wojke et al., 2017) addition-
ally incorporates appearance features in combination with the Maha-
lanobis distance (Mahalanobis, 1936). To leverage the complementary 
strengths of these similarity measures, we formalize our matching 
strategy as a recursive optimization process.

Formally, let  = {𝑇1,… , 𝑇𝑀} be the set of predicted tracks from 
the Kalman Filter and  = {𝐷1,… , 𝐷𝑁} be the set of new detections in 
the current frame. The matching process is organized into 𝐾 sequential 
stages. Let  (𝑘)

  and  (𝑘)
  denote the sets of unmatched tracks and 

detections, respectively, at the start of stage 𝑘, initialized as  (1)
 = 

and  (1) = . 


https://github.com/Jax377/Grape-Detection-and-Tracking.git
https://github.com/Jax377/Grape-Detection-and-Tracking.git
https://github.com/Jax377/Grape-Detection-and-Tracking.git
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Fig. 5. Graphical illustration of the DeepSORT algorithm as an extension of SORT presented by Wojke et al. (2017).
Fig. 6. Graphical illustration of the Classification Network in DeepSORT 
presented by Wojke et al. (2017).

At each stage 𝑘, we seek an optimal assignment matrix 𝐗(𝑘) ∈
{0, 1}|

(𝑘)
 |×| (𝑘)

 | that minimizes the total cost based on a stage-specific 
distance metric 𝑑(𝑘): 

min
𝐗(𝑘)

∑

𝑇𝑖∈
(𝑘)


∑

𝐷𝑗∈
(𝑘)


𝐶 (𝑘)
𝑖,𝑗 ⋅ 𝑥𝑖,𝑗 (2)

subject to ∑𝑖 𝑥𝑖,𝑗 ≤ 1 and ∑𝑗 𝑥𝑖,𝑗 ≤ 1. To ensure the reliability of 
matches, we enforce a gating threshold 𝜏𝑘. The cost matrix element 𝐶 (𝑘)

𝑖,𝑗
is defined as: 

𝐶 (𝑘)
𝑖,𝑗 =

{

𝑑(𝑘)(𝑇𝑖, 𝐷𝑗 ) if 𝑑(𝑘)(𝑇𝑖, 𝐷𝑗 ) ≤ 𝜏𝑘
∞ otherwise

(3)

The linear assignment problem is solved using the Hungarian algo-
rithm (Kuhn, 1955), yielding a set of matches (𝑘). The sets of un-
matched instances are updated recursively for the subsequent stage: 

 (𝑘+1)
 =  (𝑘)

 ⧵ {𝑇𝑖 ∣ ∃𝐷𝑗 , (𝑇𝑖, 𝐷𝑗 ) ∈ (𝑘)}. (4)

This process repeats until all stages are completed. We employ three 
distinct distance metrics 𝑑(𝑘) across the stages:

IoU Distance (𝑑𝐼𝑜𝑈 ): Defined by the intersection over union of the 
track bounding box 𝐵𝑇𝑖  and detection bounding box 𝐵𝐷𝑗

: 

𝑑𝐼𝑜𝑈 (𝑇𝑖, 𝐷𝑗 ) = 1 −
|𝐵𝑇𝑖 ∩ 𝐵𝐷𝑗

|

. (5)

|𝐵𝑇𝑖 ∪ 𝐵𝐷𝑗

|
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Mahalanobis Distance (𝑑𝑀𝑎ℎ): Measures the distance between the 
detection position 𝐝𝑗 and the Kalman filter’s predicted mean 𝐲𝑖 and 
covariance 𝐒𝑖: 

𝑑𝑀𝑎ℎ(𝑇𝑖, 𝐷𝑗 ) =
√

(𝐝𝑗 − 𝐲𝑖)⊤𝐒−1𝑖 (𝐝𝑗 − 𝐲𝑖). (6)

Euclidean Center Distance (𝑑𝐸𝑢𝑐): Defined by the Euclidean norm 
between the centers 𝐜 of the bounding boxes: 
𝑑𝐸𝑢𝑐 (𝑇𝑖, 𝐷𝑗 ) = ‖𝐜𝑇𝑖 − 𝐜𝐷𝑗

‖2. (7)

2.5.5. SORT+
SORT+ implements this recursive cascade in four stages (𝑘 = 1

to 4) to leverage geometric similarities without requiring appearance 
features. The process is illustrated in Fig.  7. 

Stage 1 (Strict IoU): All detections and track predictions are 
matched where the IoU-overlap exceeds 20% (𝑑𝐼𝑜𝑈 ≤ 0.8). This 
prioritizes highly probable, overlapping matches. 

Stage 2 (Mahalanobis): Previously unmatched detections are
matched to the multivariate normal distribution of the closest track. 
Matches are accepted only if the Mahalanobis distance 𝑑𝑀𝑎ℎ is below 
the chi-squared 0.9 quantile, 𝜏2 = 𝜒2

0.9;2 = 4.605. 
Stage 3 (Relaxed IoU): The IoU-overlap is again utilized to match 

remaining unmatched detections with remaining track predictions, 
with a relaxed minimum overlap of 3.5% (𝑑𝐼𝑜𝑈 ≤ 0.965). 

Stage 4 (Euclidean): Finally, we employ 𝑑𝐸𝑢𝑐 to recover matches 
where Mask R-CNN (He et al., 2017) detects only part of a grape cluster, 
resulting in no IoU-overlap. The threshold 𝜏4 is dynamic, based on the 
track’s predicted width 𝑤𝑖 and height ℎ𝑖: 

𝜏4 = 𝑤𝑖 +
ℎ𝑖
2
. (8)

The Euclidean distance aims to recover fragmented tracks where the 
Kalman Filter (Kalman, 1960) causes the track estimate to converge 
onto the average size of the grape cluster. 

2.5.6. DeepSORT+
DeepSORT+ extends the matching cascade of SORT+ by incor-

porating visual appearance information. It leverages the classifica-
tion network to match visually similar grape clusters, identified by 
their spatially close feature vectors. The extended matching cascade of 
DeepSORT+ is shown in Fig.  8.

DeepSORT+ utilizes an initial Stage 0 before the geometric cascade. 
In this stage, we utilize the Euclidean distance between the extracted 
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Fig. 7. An overview of the proposed SORT+ tracking framework. The diagram shows the overall flow, starting from video input and Mask R-CNN detections. 
Central to the framework is the multi-stage Extended Matching Cascade (red boxes). Within this cascade, valid 1-to-1 assignments that satisfy the specific threshold 
criteria exit to the right as matched tracks, while remaining unmatched tracks and detections propagate downward to the subsequent stage. The figure also explains 
how unmatched detections initiate tentative tracks that must survive for five consecutive frames to become confirmed instance IDs.
Fig. 8. The Extended Matching Cascade of DeepSORT+.

feature vectors of the track and detection. A match is confirmed only 
if two conditions are met: the Mahalanobis distance is smaller than 
the chi-squared 0.995 quantile (𝜒2

0.995;2 = 10.597) and the Euclidean 
distance between feature vectors is below 𝜏0 = 1.5.  Following this 
appearance-based matching, the algorithm proceeds with the same four 
geometric stages (𝑘 = 1 to 4) defined in SORT+: strict IoU, Mahalanobis 
distance, relaxed IoU, and Euclidean center distance. This extended 
matching cascade aims to identify matches between detections and 
tracks that were missed by the original implementations, leveraging 
visual identity where available and falling back on robust geometric 
associations for occluded or ambiguous targets.

3. Results

All results presented in this chapter were evaluated on the test set 
defined in Table  2.

3.1. Detection results

A Mask R-CNN network (He et al., 2017) was optimized using the 
Adam Optimizer (Kingma and Ba, 2014) (lr = 0.000105) to achieve a 
bbox mAP of 19.4%. This model is utilized in all subsequent detection 
and tracking evaluations.

Table  3 shows the bounding box mAP alongside the mAP values 
using the IoU-thresholds of 0.5 and 0.75. Furthermore, Table  3 lists 
mAPs, mAPm and mAPl by categorizing the detected bounding boxes 
into small (s), medium (m) and large (l). The sizes follow the COCO 
standard classifications (Lin et al., 2014).

Similarly, Table  4 evaluates the segmentation performance of the 
Mask R-CNN model by presenting the mAP metrics using the pixel-level 
segmentation masks instead of the bounding boxes.
7 
Table 3
Mask R-CNN bounding box results.
 ↑ mAP ↑ mAP50 ↑ mAP75 ↑ mAPs ↑ mAPm ↑ mAPl 
 19.4% 44.8% 14.1% 5.5% 19.2% 28.0%  

Table 4
Mask R-CNN segmentation results.
 ↑ mAP ↑ mAP50 ↑ mAP75 ↑ mAPs ↑ mAPm ↑ mAPl 
 14.5% 44.3% 4.5% 4.4% 13.8% 23.0%  

3.2. Classification network results

The classification network used in DeepSORT (Wojke et al., 2017) 
is trained to generate appearance feature vectors from detected grape 
clusters. The feature vectors are spatially close for similar appearances. 
For the classification network a ResNet-50 (Koonce, 2021) backbone 
was incorporated, followed by Global Average Pooling (Hsiao et al., 
2019) and a fully connected layer.

Using an Adam optimizer (Kingma and Ba, 2014) with a learning 
rate of 0.000105 and a weight decay of 0.0001, the convolutional 
neural network achieved a mAP of 80.6%.

4. Tracking results

Tables  5 and 6 fulfill one of the main objectives of this study 
by comparing the tracking results of SORT (Bewley et al., 2016), 
DeepSORT (Wojke et al., 2017), ByteTrack (Zhang et al., 2022), SORT+ 
and DeepSORT+. The best value for each metric is highlighted in bold. 
Since the MOTP depends solely on the detector, the variance in the 
results comes from bootstrapping (Mooney et al., 1993). Therefore, no 
values were highlighted for this metric.

To assess the statistical stability of the results, the metrics in Table 
5 were estimated via bootstrapping (Mooney et al., 1993). From the 
original test set of 6 video sequences, 1000 resamples of the same size 
were generated by drawing with replacement. The table reports the 
mean performance across these 1000 trials and the 95% confidence 
interval, which quantifies the reliability of the results.

The included results of PointTrack from Ariza-Sentís et al. (2023) 
are in parentheses to emphasize the limited comparability of their 
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Table 5
Tracking results of the five algorithms.
 Tracker ↑ MOTA ↑ IDF1 ↓IDsw ↑ MOTP  
 SORT (Bewley et al., 2016) 37.69% ± 0.33% 60.42% ± 0.09% 73.50 ± 1.20 65.41% ± 0.08% 
 DeepSORT (Wojke et al., 2017) 42.25% ± 0.37% 66.93% ± 0.21% 17.05 ± 0.29 65.46% ± 0.07% 
 ByteTrack (Zhang et al., 2022) 41.53% ± 0.37% 66.01% ± 0.19% 26.09 ± 0.33 65.44% ± 0.08% 
 SORT+ 41.50% ± 0.40% 66.48% ± 0.18% 28.24 ± 0.49 65.40% ± 0.07% 
 DeepSORT+ 42.71% ± 0.37% 67.10% ± 0.19% 𝟏𝟒.𝟗𝟎 ± 0.23 65.39% ± 0.08% 
 PointTrack (Ariza-Sentís et al., 2023) (−8.2%) – (19) (66.6%)  
Fig. 9. MOTA scores with their corresponding 95% confidence interval.

Fig. 10. IDF1 scores with their corresponding 95% confidence interval.

findings with this research. It is unknown what data was used for 
the testing by Ariza-Sentís et al. (2023). Depending on the size of 
the test subset, the number of instance ID switches (IDsw) can be 
interpreted positively or negatively. Furthermore, while Ariza-Sentís 
et al. (2023) employ multi-object tracking and segmentation accuracy 
(MOTSA) and Precision (MOTSP) in their evaluation, this study uses 
MOTA and MOTP. However, it is important to note that MOTSA and 
MOTSP are derived using the same foundational formulas as MOTA and 
MOTP. This similarity in the calculation methods provides a basis for 
comparison, albeit with the noted limitations.

Fig.  9 shows the MOTA scores of the five tracking algorithms, Fig. 
10 the IDF1 scores, and Fig.  11 the number of ID switches made by the 
tracking algorithms. If the 95%-confidence intervals of two individual 
trackers overlap, it is inconclusive which tracking algorithm performs 
better.

Olenskyj et al. (2022) and Orlandi et al. (2025) show that the 
count of grape clusters together with the grape cluster area is a strong 
indicator of grape yield. As grape yield estimation is an important 
motivation for this research, the following Table  6 presents the number 
of grape clusters counted by the tracking algorithms.

A tracking algorithm counts the grape clusters within the test subset 
by tallying the number of confirmed tracks. The test subset contains 
147 annotated grapes (AG). However, due to the problem of missing 
annotations within the dataset from Sentís et al. (2021) (see Fig.  1), 
there are additional visible grape clusters. The manual hand counting 
(HC) of the grapes in the video confirms at least 150 grape clusters 
8 
Fig. 11. Number of ID switches with their corresponding 95% confidence 
interval.

in the foreground (f) and 36 grape clusters in the background (b), 
resulting in a total of at least 186 visible grape clusters. Instead of the 
number of annotated grapes, the hand-counted grape clusters serve as a 
reference to evaluate the counting accuracy of the tracking algorithms.

5. Discussion

5.1. Evaluation of tracking algorithms

This study evaluates the performance of the enhanced matching 
process by comparing SORT+ and DeepSORT+ with existing tracking 
algorithms, such as SORT (Bewley et al., 2016), DeepSORT (Wojke 
et al., 2017) and ByteTrack (Zhang et al., 2022) in the tracking and 
counting of grape clusters. All trackers employ a uniform Mask R-CNN 
detector (He et al., 2017).

Summarizing the results, the selected Mask R-CNN network (He 
et al., 2017) achieves a bounding box mAP of 19.4% and a segmen-
tation mAP of 14.5%. Despite the low detection accuracy, all trackers 
show robust tracking performance, with MOTA scores ranging from 
37% to 43% and IDF1 scores from 60% to 67%.

The tracking algorithms tend to overcount grape clusters by up to 
68%. However, DeepSORT (Wojke et al., 2017), SORT+ and Deep-
SORT+ maintain a more accurate count, with at most 5% overcount. 
This improved counting accuracy is likely due to the use of the Maha-
lanobis distance (Mahalanobis, 1936) as their only common similarity 
measure.

DeepSORT+ consistently outperforms the other tracking algorithms 
in almost every metric, achieving the highest MOTA score of 42.7% 
(±0.4%) and an IDF1 score of 67.1% (±0.2%), with only 15 ID switches 
over 186 counted tracks. Meanwhile, the original implementation of 
DeepSORT (Wojke et al., 2017) performs comparably, with overlapping 
95%-confidence intervals in MOTA and IDF1 and 17 ID switches in 195 
counted tracks. Due to overlapping confidence intervals, it remains in-
conclusive which tracking algorithm consistently achieves better track-
ing results on similar datasets. As only the classification network dis-
tinguishes the top-performing trackers DeepSORT (Wojke et al., 2017) 
and DeepSORT+, from the other algorithms, it proves highly effective 
in generating accurate feature vectors to match detections with their 
corresponding tracks. During evaluation, the classification network 
achieves a mAP of 80.6%.
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Table 6
Grape Cluster (Track) Count and Counting Accuracy for the five algorithms. Number of annotated grapes (AG) and hand counted grapes 
(HC) in foreground (f) and background (b). 
 AG HC (f) HC (b) SORT DSORT ByteTrack SORT+ DSORT+ 
 Count 147 150 36 313 195 238 192 186  
 Counting Accuracy – – – 32.7% 95.2% 72.0% 96.8% 100%  
The original implementation of SORT (Bewley et al., 2016), being 
the precursor to the other implementations, exhibits the most identity 
switches; more than twice those of SORT+ and ByteTrack (Zhang 
et al., 2022), and more than four times those of DeepSORT (Wojke 
et al., 2017) and DeepSORT+. However, SORT+ achieves results com-
parable to ByteTrack (Zhang et al., 2022) and within the reach of 
DeepSORT(+), showing that integrating additional similarities in the 
matching process can make SORT (Bewley et al., 2016) a viable tracker 
and without requiring additional data and training.

Choosing a tracking algorithm for grape tracking involves consider-
ing not only the tracking performance and counting accuracy, but also 
the implementation complexity.

Regarding computational complexity, all evaluated algorithms rely 
on the Hungarian algorithm (Kuhn, 1955) for bipartite matching, scal-
ing with 𝑂(𝑛3) for 𝑛 tracks and detections. However, a critical distinc-
tion lies in the feature extraction overhead. DeepSORT (Wojke et al., 
2017) and DeepSORT+ incur a substantial computational cost due 
to the re-identification network. Specifically, the ResNet-50 (Koonce, 
2021) backbone must perform a forward pass for every detected object 
proposal to generate appearance embeddings. This results in a heavy 
constant overhead per frame that scales linearly with the number of 
detections. 

In contrast, SORT (Bewley et al., 2016), SORT+ and ByteTrack
(Zhang et al., 2022) are purely geometric. They rely on efficient ma-
trix operations, such as IoU and Mahalanobis distance (Mahalanobis, 
1936) calculations, which are computationally negligible compared to 
the re-identification network inference. While the proposed SORT+ 
and DeepSORT+ algorithms introduce a fixed number of additional 
matching stages, these stages consist solely of these lightweight vector 
operations. Consequently, the extended matching cascade improves 
tracking robustness without altering the asymptotic time complexity or 
introducing the heavy latency associated with deep feature extraction.

Although DeepSORT (Wojke et al., 2017) and DeepSORT+ yield the 
best results in tracking and counting, ByteTrack (Zhang et al., 2022) 
and SORT+ present viable alternatives. These mathematical algorithms, 
which only require training of the detector, increase the number of 
ID switches by approximately ten, while only slightly underperforming 
DeepSORT(+) by around 1% in MOTA and IDF1. SORT+, in particular, 
achieves good counting accuracy, identifying 192 grape clusters of at 
least 186 visible clusters, suggesting that lost IDs are later recovered by 
another ID switch.

Because ByteTrack (Zhang et al., 2022) and SORT+ do not rely on 
a classification network, which requires training and labeled instance 
IDs in the dataset, both algorithms are easier to implement and feasible 
for broader applications. However, to achieve the best tracking perfor-
mance, the advanced capabilities of DeepSORT (Wojke et al., 2017) and 
DeepSORT+ seem to be most promising.

5.2. Contextualizing the results

This study ties in with current research on grape tracking (Saraceni 
et al., 2024; Ariza-Sentís et al., 2023; Ciarfuglia et al., 2023), demon-
strating that accurate grape tracking and counting is feasible on chal-
lenging datasets that resemble real-world conditions.

Ariza-Sentís et al. (2023) evaluate grape tracking using the same 
dataset (Sentís et al., 2021) as this study, achieving a MOTSP of 
66.6%, which is comparable to the MOTP of 65.4% (±0.1%) reported 
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(a) UAV RGB Video dataset

(b) WGISD dataset

(c) Lazio dataset

Fig. 12. Three datasets presenting unique challenges, impacting tracking 
performance: (𝑎) Ninth annotated image in Row 4.2.1 in the Appendix (Sentís 
et al., 2021), (𝑏) Annotated image CDY_2037 showing Chardonnay from the 
WGISD dataset (Santos et al., 2019), (𝑐) Sixth annotated image from ‘‘CloseUp 
2’’ in the Lazio dataset (Saraceni et al., 2024).

here. However, their MOTSA score of −8.2% using PointTrack (Xu 
et al., 2022) indicates a high number of false positives (FPs) and 
false negatives (FNs). This is likely due to the small size of the grape 
clusters, which are not sufficiently distinct from the background for 
effective pattern matching. In contrast, SORT (Bewley et al., 2016), 
DeepSORT (Wojke et al., 2017), ByteTrack (Zhang et al., 2022), SORT+ 
and DeepSORT+ achieve MOTA scores between 37% and 43%. This 
suggests that Kalman Filter (Kalman, 1960) based tracking, which esti-
mates the location and velocity of grape clusters, tends to outperform 
purely geometric based re-identification trackers on datasets where 
objects blend into the background.

Fig.  12 shows example images from the three datasets that have 
been used to evaluate grape tracking in previous studies (Saraceni et al., 
2024; Ariza-Sentís et al., 2023; Ciarfuglia et al., 2023).

Compared to this study, Ciarfuglia et al. (2023) achieve slightly 
higher MOTA scores of up to 46.7% and MOTP up to 72.9% on the 
WGISD dataset (Santos et al., 2019) using a Mask R-CNN model (He 
et al., 2017) with a mAP of 53.4% and DeepSORT (Wojke et al., 
2017) as the tracking algorithm. The better performance of Mask 
R-CNN (He et al., 2017), with significantly higher mAP (53.4% vs. 
19.4%), can likely be attributed to the larger grape clusters (0.2% to 
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7% of the frame area) and minimal foliage, which simplify detection. 
However, the close proximity of the clusters in the WGISD dataset (San-
tos et al., 2019) complicates the matching process during tracking 
and evaluation, which explains the modest improvement in tracking 
performance.

Saraceni et al. (2024) achieve MOTA scores up to 66.1% and IDF1 
scores up to 73.7% on the Lazio dataset (Saraceni et al., 2024) using 
a YOLOv5 detector (Chen et al., 2022) and their AgriSORT (Saraceni 
et al., 2024) tracker. Although AgriSORT (Saraceni et al., 2024) per-
forms exceptionally well on some subsets, it does not consistently 
outperform SORT (Bewley et al., 2016), which achieves MOTA scores 
up to 62.7%. In comparison, the higher MOTA scores (62.7% vs. 37.7%) 
are likely attributable to the dataset’s (Saraceni et al., 2024) larger, 
more distinguishable red grape clusters which range from 0.3% to 20% 
of the frame area.

The Appendix (Sentís et al., 2021) used in this study contains at least 
186 visible grape clusters, of which 147 are annotated in the test set. 
The grape clusters are small (0.01% to 0.17% of the frame area) and 
partially obscured in many cases. These challenges hinder the training 
of Mask R-CNN (He et al., 2017), which achieves 19.4% bbox mAP and 
14.5% segmentation mAP. In particular, Mask R-CNN (He et al., 2017) 
shows better performances at lower IoU-thresholds, which are used to 
match detections with GTs during evaluation. This can be seen in Tables 
3 and 4 in Section 3.1, where the model detects bboxes and masks with 
a mAP50 of 44.8% and 44.3% respectively, but only 14.1% and 4.5% 
at a mAP75, using the 0.75 IoU-threshold. This discrepancy suggests 
that Mask R-CNN (He et al., 2017) regularly detects only parts of a 
grape cluster. However, these partial detections prove sufficient to track 
the corresponding grape cluster, which explains the comparably good 
tracking results of all algorithms, despite the low detection accuracy.

5.3. Limitations and further research

This section discusses the limitations of this study and proposes 
methods for future research to address these challenges.

DeepSORT (Wojke et al., 2017), SORT+ and DeepSORT+ achieve 
at least 95% counting accuracy, with DeepSORT+ counting the exact 
number of hand-counted visible grapes. However, these results should 
be interpreted with caution due to the unknown margin of error. For 
instance, it is improbable that DeepSORT+ maintains 100% counting 
accuracy for every other dataset. To confirm the results, bootstrapping 
could be utilized, as used for the tracking results (see Table  5 in 
Section 4, (Mooney et al., 1993)).

Previous studies by Orlandi et al. (2025) and Olenskyj et al. (2022) 
suggest that the counted grape clusters, together with the grape cluster 
mask area, are a reliable indicator for estimating grape yield. Us-
ing linear regression, various studies (Ahmedt-Aristizabal et al., 2024; 
Khokher et al., 2023; Olenskyj et al., 2022; Zabawa et al., 2022; 
Lopes and Cadima, 2021; Jaramillo et al., 2021) demonstrate a linear 
correlation between yield contributors, such as cluster count, cluster 
area, or berry count and the actual grape yield. By applying a linear 
regression function from one of these studies or an average of multiple 
correlations, the grape yield of the Appendix (Sentís et al., 2021) could 
be estimated. However, yield estimation could not be evaluated in this 
study, as the Appendix (Sentís et al., 2021) provides no data on grape 
weight or wine harvested from the vine rows.

As noted by Olenskyj et al. (2022), Jaramillo et al. (2021), grape 
bunch area is the most reliable individual yield indicator. Future re-
search could reduce the occlusion error by using every track detec-
tion to potentially reconstruct the entire grape cluster mask. Further-
more, following Kierdorf et al. (2022), a generative adversarial network 
trained on defoliated vines can be used to estimate the number of 
occluded grapes.

The Appendix (Sentís et al., 2021) features four rows of ‘‘Vitis 
Vinifera’’ in its early ripening stage. The characteristics of these vine 
rows, such as color, size, camera perspective, and cluster proximity, 
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vary depending on the maturity stage, grape variety, and specific 
environmental influences. Consequently, the detector and tracking al-
gorithms fine-tuned for the Appendix (Sentís et al., 2021) are expected 
to perform worse on datasets with different characteristics.

To develop a grape tracking algorithm that achieves reliable results 
across all grape varieties, it is necessary to collect a comprehensive 
dataset that includes a large variety of grape species, colors, shapes, and 
ripening stages. Alternatively, future research could extend the work 
of Bellocchio et al. (2020), who successfully translate fruits in datasets 
into other fruits utilizing a C-GAN (Zhu et al., 2017). This approach 
could enable the training of a detector and tracker for multiple grape 
species using a dataset that contains only a few varieties.

For network training, the quality of the dataset is a deciding fac-
tor for the results. The Appendix (Sentís et al., 2021) presents three 
problems. First, it contains visible grape clusters in the background, 
which should not be counted. Adjusting the camera angle to exclude 
background grapes, using a depth sensor to distinguish between back-
ground and foreground (Wu et al., 2023), or capturing images at night 
with strong illumination (Olenskyj et al., 2022; Jaramillo et al., 2021) 
are potential solutions. Each of these approaches is either inconvenient 
or expensive. Hence, further research could explore the training of a 
network to differentiate foreground from background autonomously.

Second, the dataset contains visible grape clusters that were missed 
during annotation, complicating the training of reliable object detectors 
and thus limiting tracking performance.

Third, the grape clusters in the high-resolution images (2160 × 4096 
pixels) represent only 0.01% to 0.17% of the frame area. Given the 
increasing use of UAVs in agriculture, with an annual market growth 
of 26% (GVR, 2025), and their ability to capture high-resolution videos, 
future object detectors should be able to capitalize on high resolutions. 
Since Mask R-CNN (He et al., 2017) is designed for resolutions of 
up to 1280 × 720 pixels, future research, such as Wu et al. (2021) 
should consider adapting Mask R-CNN (He et al., 2017) to handle 
higher resolutions or transition to newer architectures designed for 
small object detection in aerial imagery (Yuan et al., 2024).

Despite these limitations, the low detection accuracies of Mask R-
CNN (He et al., 2017) (bbox 𝑚𝐴𝑃  of 19.4% and segmentation mAP 
of 14.5%) are partially mitigated in tracking applications, because 
SORT (Bewley et al., 2016), DeepSORT (Wojke et al., 2017), Byte-
Track (Zhang et al., 2022), SORT+ and DeepSORT+ maintain identi-
fication over intermittent detections.

This study introduces advanced versions of SORT (Bewley et al., 
2016) and DeepSORT (Wojke et al., 2017), calling them SORT+ and 
DeepSORT+, respectively. Table  5 in Section 4 shows that SORT+ 
achieves significantly better results compared to the original SORT (Be-
wley et al., 2016) with MOTA increasing from 37.7% to 41.5% and 
ID switches decreasing from 73.5 to 28.2. DeepSORT+ exhibits minor 
improvements over its predecessor, reducing ID switches from 17.1 
to 14.9. Using only the IoU-overlap for matching, ByteTrack (Zhang 
et al., 2022) achieves results comparable to SORT+ and approaches 
the performance of DeepSORT (Wojke et al., 2017) and DeepSORT+. 
Therefore, implementing and evaluating ByteTrack+ employing the 
same enhanced matching strategy as SORT+ and DeepSORT+ is worth 
investigating in future research.

6. Conclusion

This study introduces the enhanced tracking algorithms SORT+ and 
DeepSORT+. These trackers incorporate a novel matching process that 
leverages the complementary strengths of the IoU-overlap, the Maha-
lanobis distance (Mahalanobis, 1936) and the Euclidean distance to 
improve tracking performance and counting accuracy. To evaluate the 
extended matching algorithm SORT+ and DeepSORT+ are compared 
with SORT (Bewley et al., 2016), DeepSORT (Wojke et al., 2017) and 
ByteTrack (Zhang et al., 2022).
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The enhanced matching process significantly reduces the ID switches
in SORT (Bewley et al., 2016) from 74 to 28 in SORT+, improves 
the counting accuracy from 32.7% to 96.8% and greatly increases 
the tracking accuracy. This demonstrates the potential of the novel 
matching process, as it is easy to implement and does not require 
additional data, training, or extensive computation. Considering the 
complexity and additional requirements of the classification network 
for implementing DeepSORT(+), SORT+ presents a viable alternative 
with only a small decrease in tracking and counting accuracy.

This study demonstrates the feasibility of accurate grape tracking 
and counting in videos captured by UAVs, even at comparably large 
distances, despite a low detection accuracy. The uniform Mask R-
CNN (He et al., 2017) detector achieves only a mAP of 19.4% due 
to the challenging nature of the Appendix (Sentís et al., 2021). All 
trackers could mostly maintain track identification over partial and 
missing detections. Furthermore, the trackers SORT+, DeepSORT (Wo-
jke et al., 2017), and DeepSORT+ achieve over 95% counting accuracy, 
demonstrating their ability to estimate grape yield.

DeepSORT+, closely followed by DeepSORT (Wojke et al., 2017), 
achieves the highest MOTA score of 42.7% (±0.4%) and an IDF1 score of 
67.1% (±0.2%), with only 15 ID switches over 186 tracks. However, it 
remains inconclusive which tracker consistently performs better on un-
seen similar data, due to the overlapping bootstrapped 95%-confidence 
intervals.

These findings not only align with, but also expand on current re-
search in grape tracking (Saraceni et al., 2024; Ariza-Sentís et al., 2023; 
Ciarfuglia et al., 2023). As Ciarfuglia et al. (2023) use DeepSORT (Wo-
jke et al., 2017) and Saraceni et al. (2024) compare SORT (Bewley 
et al., 2016), ByteTrack (Zhang et al., 2022) and StrongSORT (Du 
et al., 2023) (improved DeepSORT (Wojke et al., 2017)) and found 
that differences in tracking performance can largely be attributed to the 
characteristics of the dataset. Given that all current grape tracking re-
search is focused solely on a single grape species, future research could 
be aimed at developing robust grape detection, tracking, and counting 
algorithms for various grape species. The performance increases of 
SORT+ and DeepSORT+ suggest the application of the extended match-
ing process to other tracking algorithms such as ByteTrack (Zhang et al., 
2022).

Accurate tracking and counting of small grape clusters that blend 
into the background is feasible using DeepSORT+, DeepSORT, (Wojke 
et al., 2017) or SORT+. Although DeepSORT+ demonstrates the best 
tracking and counting accuracy, SORT+ is the better choice, where 
the implementation of the classification network proves difficult. Using 
a UAV to count the number of visible grape clusters and determine 
their mask area offers a fast and inexpensive method for estimating 
grape yield. Therefore, the implications of this research extend beyond 
academic interest, offering practical insight to vineyard managers. 
By potentially improving yield estimation and non-destructive robotic 
agriculture, these findings support sustainable farming practices and 
economic growth.
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Appendix A. UAV RGB Video dataset specifications

For the UAV RGB Video Dataset (Sentís et al., 2021) a drone 
captures the whole vine, therefore the green grape clusters take up 
merely 0.01% to 0.17% of the frame area. Furthermore, a dense canopy 
with significant occlusion makes detection a challenging task. Since 
no pruning nor leave removal was performed, this dataset reflects real 
world conditions for fast data collection (see Table  7).
Table 7
UAV RGB video dataset specifications.
 Source Dataset on UAV RGB videos acquired over a vineyard 

including bunch labels for object detection and 
tracking (Sentís et al., 2021)

 

 UAV DJI Matrice 210 RTK  
 Flight Speed 0.7 m/s  
 Flight Altitude 3 m above ground level  
 Frame Width 4096  
 Frame Height 2160  
 Frame Rate 59.94 frames/s  
 Annotated Frames 664  
 Train Split 528  
 Test Split 136  
 Data Collection ‘‘The four flights were executed on June 28th, 2021 

over four rows of the vineyards. The flights were 
carried out on a sunny day with wind velocity lower 
than 0.5 m/s. The four rows were selected according 
to the ripening stage of the grape clusters, to have a 
representative sample of the development status over 
the four rows. The grape bunch annotations were 
labeled using the CVAT software and are available in 
the MOTS style’’ (Sentís et al., 2021).

 

 Vineyard Location 41◦ 57’18.3’’N 8◦ 47’41.9’’W Tomiño, Spain  

Appendix B. List of Abbreviations

See Table  8.
Table 8
List of abbreviations.
 Abbreviation Definition  
 AG Annotated Grapes  
 b background  
 bbox bounding box  
 COCO Common Objects in Context  
 CVAT Computer Vision Annotation Tool  
 DeepSORT Simple Online and Realtime Tracking with a Deep 

Association Metric
 

 f foreground  
 FN False Negative  
 FP False Positive  
 FPN Feature Pyramid Network  
 GNSS Global Navigation Satellite System  
 HC Hand Counted  
 IDF1 Identification F1 Score  
 IDFN False Negative Identities  
 IDFP False Positive Identities  
 IDP Identification Precision  
 IDR Identification Recall  
 IDTP True Positive Identities  
 IDsw ID-switches  
 IoU Intersection over Union  
 IR Induction Requirement  
 (continued on next page)
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Table 8 (continued).
 Abbreviation Definition  
 MAE Mean Average Error  
 mAP mean Average Precision  
 MOTA Multi Object Tracking Accuracy  
 MOTP Multi Object Tracking Precision  
 MOTS Multi Object Tracking and Segmentation  
 MOTSA Multi Object Tracking and Segmentation Accuracy  
 MOTSP Multi Object Tracking and Segmentation Precision  
 pos. dif. positive definite  
 R-CNN Region Based Convolutional Neural Network  
 ReLU Rectified Linear Unit  
 ResNet Residual Network  
 RoI Region of Interest  
 RPN Region Proposal Network  
 SfM Structure from Motion  
 SORT Simple Online and Realtime Tracking  
 TP True Positive  
 UAV Unmanned Aerial Vehicle  

Data availability

The code is publicly accessible on GitHub (https://github.com/
Jax377/Grape-Detection-and-Tracking.git).
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