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Abstract—Novel dataset creation for all multi-object track-
ing, crowd-counting, and industrial-based videos is arduous
and time-consuming when faced with a unique class that
densely populates a video sequence. We propose a time efficient
method called POPCat that exploits the multi-target and
temporal features of video data to produce a semi-supervised
pipeline for segmentation or box-based video annotation. The
method retains the accuracy level associated with human level
annotation while generating a large volume of semi-supervised
annotations for greater generalization. The method capitalizes
on temporal features through the use of a particle tracker to
expand the domain of human-provided target points. This is
done through the use of a particle tracker to reassociate the
initial points to a set of images that follow the labeled frame. A
YOLO model is then trained with this generated data, and then
rapidly infers on the target video. Evaluations are conducted
on GMOT-40, AnimalTrack, and Visdrone-2019 benchmarks.
These multi-target video tracking/detection sets contain mul-
tiple similar-looking targets, camera movements, and other
features that would commonly be seen in ”wild” situations.
We specifically choose these difficult datasets to demonstrate
the efficacy of the pipeline and for comparison purposes. The
method applied on GMOT-40, AnimalTrack, and Visdrone
shows a margin of improvement on recall/mAP50/mAP over the
best results by a value of 24.5%/9.6%/4.8%, -/43.1%/27.8%,
and 7.5%/9.4%/7.5% where metrics were collected.

I. INTRODUCTION

Most learning-based computer vision tasks and algorithms
utilize a labeled dataset to complete a desired task. As
such, we think it prudent to develop a faster, scalable,
and efficient way to annotate datasets. We focus on multi-
target video dataset creation as it forms the basis for the
popular tasks of crowd counting and multi-object detection.
Video datasets such as KITTI[3], MOT[4], and GMOT-40[1]
utilize image-based annotation methodologies to create the
respective datasets. These methods individually annotate all
frames of the video sequence with human-derived methods.
We improve the process by utilizing a trained model to
semi-automatically annotate all targets within the video. This
allows for a semi-supervised approach for dataset annotation.

We exploit the multi-target and temporal features of
videos to produce a semi-supervised pipeline for segmen-

tation or box-based video labeling. We enhance the process
by utilizing computer vision methods to train a detector for
rapid inferencing. This, therefore, augments our method with
high speed labeling once the algorithm is trained on a sparse
set of human annotations.

We separate our pipeline into four stages: (a) initialization,
(b) propagation, (c) segmentation and box fitting, and (d)
model training. We detail the operation of each stage under
Section III and depict it in Fig. 2.

The input to the pipeline is an annotated frame with the
output being the detected per-frame labels for the entire
video sequence. We state that this generic, multi-object,
video annotating solution allows for the generation of per-
use-case datasets for computer vision algorithms. We desig-
nate the pipeline as ”POPCat” as it utilizes the propagation
of particles to address complex annotation tasks such as
multi-target video datasets.

Modern object detectors adopt an out-of-the-box applica-
tion with minimal modification required for implementation
(YOLO[5], R-CNN[6], and DETR[7]). We adopt the YOLO
detector series in our pipeline as it has long-term support and
is readily used in industrial computer vision. This familiarity
makes the adoption of our pipeline an easy process, with
users already familiar with the main components.

To be direct, the intended users for POPCat are the
smaller-scale computer vision operations with lesser access
to annotators, compute power, or cloud resources. We keep
this in mind throughout development which enforces restric-
tions on the computational requirements of the system. For
example, a transformer-based architecture may be advanta-
geous for recall and real-time for propagation, but it may be
too computationally expensive for the target audience. Most
industrial setups are limited to low power compute units
which impose a VRAM limitation on the system. A balance
has to be struck between computational requirements and
pipeline performance in order to reach a greater target
audience. We artificially set the graphics requirement for
our system at 12GB of VRAM to broaden the potential user
base.

The pipeline excels in situations where multiple targets
are present on a single frame as it can scale up the total
labels by the number of propagated frames. For example, a
40-point target on the initial frame can lead to 1200 labeled



Figure 1. Detection and Segmentation Outputs on GMOT-40[1] and AnimalTrack[2]

instances via label propagation over 30 frames without the
use of the integrated detector. Examples of the segmentation
and detection outputs are shown in Fig. 1.

The contributions of our paper can be separated into four
distinct sections:

1) The development of a semi-supervised annotation
pipeline based on off-the-shelf components.

2) The use of Segment Anything (SAM)[8] for automatic
bounding box resizing.

3) The training and application of detection modules for
rapid labeling of contextually similar video frames.

4) Benchmarking of our detections against ground truths
provided in the GMOT-40[1] dataset, AnimalTrack
dataset[2], and VisDrone-2019[9] Video detection
dataset.

II. RELATED WORK

A. Industrial Applications

Our team reviews numerous industrial implementations
of computer vision systems to identify the common char-
acteristics of industrial settings and systems. A common
focus is kept on the efficiency of computer vision systems as
human-hours are held at a higher value than computational
loading[10], [11], [12], [13], [14], [15], [16]. We divide these
works into manually annotated training sets [13], [16], [15],
[12], [14], [17], and semi-automated annotation [10], [11].

Multiple authors note that manual annotations may not
effectively cover all situations in production environments
[16], [13], [14], [15] and additional training data may be
required. These systems represent the brute force method
for industrial vision systems where the end user is required
to manually annotate a training set. Such datasets may
fail to properly generalize when the background or context
of the targets changes. This may require a new dataset
to be generated to retrain the algorithm if the operational
environment changed[16], [13].

The semi-automated training methods utilize color space
thresholds [10], and motion capture [11] to recognize in-
dustrial targets. The color space threshold method is used
to identify cardboard boxes from an overhead view[10].
This method benefits from good contrast between target and
background, and sparse number of targets on the screen[10].

We note that threshold-based methods would struggle within
dense multi-target environments as there is no way to
distinguish overlapping parts from one another. Furthermore,
it requires good contrast between the background and target
which cannot be guaranteed in production. The motion
capture system of [11] utilizes a series of RGB cameras
to collect images and fuse the data with the motion capture
system. The pose extracted from the motion capture system
is overlayed on different camera views to generate a signif-
icant amount of data. Annotation is required on the motion
capture data, and is then propagated to the different camera
views. The system is capable of annotating tens of thousands
of frames with an average annotation time of 0.2 frames per
second for a multi-target setup. However, the complexity
of the system is too high for most industrial setups. We
understood that an effective system must be able to annotate
a significant number of frames with minimal input as shown
in [10], [11], however, a production system must do it with
minimal installation requirements.

Our review of current industrial implementations high-
lights three facts about datasets. Namely, datasets are an
integral part of training the vision system, must be related
to the detection targets, and are expensive to create.

B. Zero-Shot Object Detection

In addition to the methods of industrial implementations,
many computer vision systems rely on zero-shot learning
to overcome the requirement for large custom datasets.
These methods have grown rapidly in previous years with
the introduction of large language transformer models such
as BERT[18], and GPT[19]. We limit our discussion here
to Z-GMOT[20] as it is relevant to the later evaluations.
Semantic object detection utilize foundational models to
identify targets based on previously seen data[20]. Algo-
rithms such as Z-GMOT[20] utilize a grounded language
inference process (GLIP)[21] to semantically search for
target objects within images. Further textual descriptors are
applied to enhance the accuracy of the detections[22], [20].
Our team noted that the quality of the output detection may
differ depending on the prompts provided to the semantic
detector[20]. Furthermore, novel classes that are not within
the model must be trained or learned by the model[23].
At this time, semantic models are deemed too complex



and potentially computationally expensive for use within
industrial dataset annotation/creation.

III. METHODOLOGY

The purpose of this section is to describe each stage of
operation of the pipeline. We cover the target domain, and
follow through with the initialization, point propagation,
segmentation and box fitting, model training, and model
application. The pipeline is depicted in Fig. 2

A. Target Domain

The target domain for our system is industrial vision
systems as the environment synergizes with the proposed
system. Industrial environments tend to feature a statically
mounted camera or view with a fixed context, that contains
numerous targets moving along a fixed path. This case has
been identified during the literature review, and supports the
methodology used in training. Namely, multiple targets can
be annotated on one given frame, and the path of travel
can be learned through the point propagation methodology.
Once learned, a detector can be used to rapidly annotate the
remainder of the video.

B. Initialization

We initialize the POPCat pipeline with a manual frame
annotation as seen in (A) of Fig. 2. The manual annotation
is supplied with a sequence of subsequent frames to create
an annotation-sequence pair.

For a 1200-frame video, a single first-frame annota-
tion for a 30-frame portion of the video would represent
an annotation-sequence pair. We reduce the total number
of necessary manual annotations to the total number of
annotation-sequence pairs used. For most video sets, a single
annotation-sequence pair is required.

Frame initiation can take one of two forms: (a) variable
box selection and (b) fixed box selection. Variable box
selection requires a fitted bounding box for each target
and is applied when targets take on a variety of sizes over
the provided sequence. These variations may occur due to
viewing angle, foreground-background travel, rapid target
movement, and other variables. Variable box selection re-
quires more annotation time as an individual must manually
mark the extent of target boxes within the first frame image.
Conventional online annotation tools such as CVAT[24] can
be used to expedite the first frame labeling process for
variable sized selection. We represent variable box selection
in Algorithm 1 lines 1-2.

The latter labeling method is fixed box selection which
is considered the faster of the two methods. In this method,
a user sets a fixed box width and height, and must then
click closest to all of the center points of the targets to be
tracked. This method prioritizes speed as the user only sets
the box sizes once, and then clicks on the center of targets.
Based on this setup, a single annotator can rapidly annotate

a given image by selecting the center point of targets within
the image. The fixed box size should fully encompass the
majority of the targets marked for propagation. However,
overtly large boxes are not recommended as overlapped
parts may be segmented as one large part. Therefore, for
scenarios where the target takes on a multitude of shapes, it
is recommended that the dimensional average of all boxes
be used for propagation. We represent fixed box selection in
Algorithm 1 lines 4-5.

The precision of the labels is important as the point must
be present on the intended targets for tracking. If the points
are not on target then the tracker may track the background
movement instead. To alleviate this we upscale small scale
images and allow the user to zoom in on targets to ensure
correct selections. Once labeled, the annotations are passed
to the point propagation stage.

Algorithm 1 Label propagation & Segmentation Algorithm
(STAGES A-C)
Input: K,M : No. of points/bbox in a frame, M <= K

N : No. of frames propagated
P(j): Set of points in jth frame
Pf(j): Updated P(j) points after positional filtering

Output: Maskl: Segmentation masks for N frames
BBoxl: Yolo format compatible BBox annotation

for N frames
/* Annotation initialization */

1 if variable BBox then
2 PK

(1) = (xi, yi, wi, hi)∀i ∈ {1...K}

3 else
4 if center points then
5 PK

(1) = (xi, yi,W,H)∀i ∈ {1...K}

/* Point tracking and positional
filtering */

6 for frames j =1 to N-1 do
7 PK

(j+1) ← PIPs(PK
(j))

8 PM
f(j+1)

← PositionalF iltering(PK
(j+1))

/* Segmentation and Bounding Box
Resizing */

9 for frames l =1 to N do
10 Maskl ← SegmentAnything(PM

f(j)
)

11 Maskl ← CannyEdgeDetection(Maskl)
12 BBoxl ← GetMinBoundingBox(Maskl)

13 return (Mask,BBox)

C. Point Propagation

Persistent Independent particles (PIPs)[25] is used for
point propagation for the proposed pipeline [25]. This
method effectively tracks the center points of the marked
targets as a particle within the video. We choose not to track
the targets as a bounding box as it would be computationally



Figure 2. POPCat Pipeline Representation

inefficient and less robust to changes in background and box
sizing. PIPs utilizes a fully temporal approach to particle
tracking which results in highly accurate point tracks across
the propagated frames. The points are tracked in 8 frame
sequences to overcome momentary occlusions in the video
[25]. However, due to a purely temporal focus, false positive
tracks can occur when points travel out of view.

Positional Filtering: Point tracking in PIPs does not
define the termination of any tracked point if the tracked
object leaves the field of view. PIPs re-initialize on the 8th
frame, therefore a lost particle would re-initialize to the last
known position of the particle. In the abscence of occlusions,
this manifests as point tracking of the border of the image
after a target leaves the frame of view. Therefore, we apply
a positional filter to terminate the tracks once the target
reaches the edge of the field of view. This eliminates track
drift in highly mobile targets.

The input to PIPs are the center point and box dimensions
of the labels marked in the initialization. We propagate the
center points through PIPs and keep the size of the bounding
boxes for the tracked point the same to modularize this
stage. We apply the same operations in PIPs regardless of
initialization choice as a way of simplifying the design and
configuration of the pipeline for the end user.

The output of this stage is a set of text files for each
frame, where each file contains the normalized YOLOv8
data representation of the propagated and filtered targets.
These populated text files are fed into the segmentation
stage of the pipeline. We represent the use of PIPs and the
positional filter in Algorithm 1 lines 6-8.

D. Segmentation and Bounding Box Resizing

We apply a segmentation module to enhance the accuracy
of box annotations centered on the propagated points. We

utilize Segment anything Model (SAM) as it is a zero-
shot, prompt based segmentation model that is capable of
segmenting most well defined shapes[8]. We utilize the
propagated boxes from PIPs (center point with height and
width) as the prompts for automatic segmentation of targets
within each frame. We depict this in Fig. 3. A careful review
of the failure cases of SAM in [26] shows no failure modes
that adversely affect the intended use case. A box is applied
around the target to eliminate much of the over-or-under
segmentation issues associated with SAM [26]. Given that
SAM is a foundational model, it requires no further training
to effect accurate segmentation masks.

We utilize SAM to effect a process known as box resiz-
ing. Works such as Grabcut [27] and Autofit [28] demon-
strate how precision and recall increased proportionately to
improvements in the bounding box fit. We demonstrate this
process in Fig. 3 where a) shows the originally labeled
boxes and c) shows the ones generated via the segmentation
process. To generate these boxes we apply a canny edge
detector on the segmentation mask to extract the contours
of the segmentation. From there, a minimum bounding rect-
angle is applied to the contours to effect the minimum box
representation of the mask. The contours are also saved for
training of the segmentation detector in subsequent stages.
One should note in Fig. 3 (a) to (c) that the box resizing
method can increase and decrease the size of bounding boxes
to capture the full content of the target.

The application of SAM as shown in Fig 3 is represented
in Algorithm 1 lines 9-12. This includes the extraction of
segmentation masks and the creation of fitted bounding
boxes. The output of this stage are YOLO formatted text
files that include bounding box dimensions in one set of
text file and segmentation x,y tuples in another set of files.



Figure 3. Application of Segment Anything Model within the POPCat
pipeline

E. Training of Yolo Model

The goal of the previous stages was to propagate a
first-frame annotation across a sequence to increase the
number of annotated instances in an automated manner.
Our pipeline now diverges from most mainstream methods
as we utilize the generated instances to train a detector
or segmentation YOLO-v8 model as depicted in (D) of
Fig. 2. The pipeline provides the training data necessary
to effect either a box or segmentation model depending on
the annotation requirements. We note that any detector could
be used in place of the YOLO model as our inputs to this
stage is just training data. This modularity is intentional as it
allows for the adaptation of the pipeline for more specialized
use cases. The details of training will be covered under the
implementation section IV-B.

F. Application of Trained Models

By training an object detector based on the instances
generated with Algorithm 1, we leverage the speed of the
YOLO detection algorithm for high frame volumes. The nu-
merical advantage is shown as follows. A 10-minute at 30fps
video contains 18000 frames. Assuming a 20 point first
frame annotation for point propagation, Tab. I showcases the
breakdown of time taken in seconds to process each stage
of our pipeline. The example demonstrates the effectiveness
of our solution in the areas of human cost (1 labeled frame),
and time efficiency (10 FPS). For comparison purposes, a
1 FPS rate is retrieved from the Youtube-BB dataset[29],
which focuses on the manual annotation of multi-target
videos[29]. This dataset uses a system of expert annotators
to quickly label multi-target videos in the wild. We note that

our system has a 10:1 advantage in speed, and only requires
the use of a single expert annotator. We do not evaluate other
detectors by training them on our generated annotations as it
is not a comparable training methodology. That is, we would
effectively be comparing a system trained on all frames to
one that was trained on a subset for a challenge.

Stage Time (sec)
First frame labeling 120
PIPs Propagation 400
SAM Propagation 300
YOLO Model Training 360
Yolo-Inference(remaining frames) 600
Ours Total time to annotate 1780 ∼ 10FPS
Youtube-BB multi-annotator manual method [29] 1 FPS

Table I
TIME BREAKDOWN FOR ANNOTATION OF A 10 MINUTE VIDEO

IV. EXPERIMENTS AND RESULTS

A. Datasets

The Visdrone-2019 video detection challenge [9], GMOT-
40[1], AnimalTrack[2] sets are used to benchmark the per-
formance of POPCat. These sets contain high-quality ground
truth bounding box data for video sequences of varying
duration. Set variations in video data included lighting,
object sizing, movement, occlusion, camera position, camera
motion, and target volumes.

The Visdrone-2019 challenge [9] test-dev set contains
multi-class detection data, variable-sized classes, and varia-
tions in video sizing. Our method utilizes three annotation-
sequence pairs from the start, middle, and end of each video.
This is done to address temporal class imbalances in the
video. Temporal class imbalance refers to the situation where
classes at the start of a sequence are not representative of
the end of the sequence. This is simply a heuristic method
to address wide variations in the context of the video. There
is still the possibility that certain classes will be missed
through this method, however, we want to benchmark the
effectiveness of the system with limited data. We train a
single detector model for validation on all videos in the test-
dev set to match the challenge protocol. We note that the
results published by the Visdrone team refer to the challenge
dataset of the competition. That dataset differs from the
test-dev set which is publicly available. Subsequent works
benchmark results on the test-dev set [30], [31] and are
referenced for comparison.

GMOT-40[1] and AnimalTrack[2] are tracking datasets
that benchmark detection protocols with a variety of trackers.
GMOT-40 and AnimalTrack feature numerous targets per
frame in a single-class configuration. We train on each
video separately in our pipeline with a single start frame
annotation-sequence pair. Our training methodology matches
the GMOT-40 one-shot protocol to allow for results compar-
ison. AnimalTrack detectors utilize a subset of dataset for



testing, and our reported results are collected on the same
subset. Both ablation studies are conducted on the full sets
of GMOT-40 and AnimalTrack.

B. Implementation Details

Starting with point propagation, we develop a modified
variant of the chain-demo.py implementation from PIPs [25].
This implementation features a dictionary which keeps track
of the tracking id, box dimensions, and position of the
points being propagated. A positional filtering subroutine
is implemented within this section to eliminate stray points.
We set the resolution at 1280x720 with a 30 frame sequence.
This is done to adhere to the VRAM constraints placed on
the system.

Next, SAM is modified to operate in a batched sequence
with an image resolution of 1280x720. The resolution is
upscaled to effect accurate segmentations in operation. We
predict in batches of 50 points at a time and concatenate the
results at the end in order to limit the amount of GPU ram
usage. This allows the system to operate on older or more
constrained hardware setups.

Our solution uses a fixed training and validation confi-
dence of 0.2, with an IOU of 0.5 with agnostic nms enabled
for the yolox.pt weight configuration for the detector model.
Training epochs are fixed at 25 for all YOLO models,
with a batch size of 12, image size of 640, randomized
model weight, SGD optimizer, learning rate of 0.01, and
default parameters as dictated by YOLO for all processes[5].
Data augmentation methods are disabled during training.
Propagation, segmentation, model training, and inference are
performed on a single NVIDIA Titan X GPU.

With this implementation, the pipeline is able to maintain
the low gpu compute resource constraints while annotating
a significant amount of data.

C. Evaluation Metrics

The results are compared to other methods through mean
average precision (mAP), mean average precision at 50
percent intersection over union (mAP50), and recall when
available. This information details the effectiveness of our
algorithm when compared to the ground truth data. For
example, a recall of 75% is indicative that our system is
capable of noting 75% of the total labels based on the
applied pipeline. For data referenced in Table II, recall and
precision was available on a case by case basis. For a more
detailed analysis, we state precision, recall, true positive
(TP), false positive (FP), false negative (FN), mAP50, mAP,
and F1 confidence scores for the pipeline. This should
allow future comparison of our solution with one-shot, few-
shot, and semantic-based methods. It is noted that a proper
annotation method should minimize false positives while
maximizing true positives to enhance downstream detector
performance[32], [33].

GMOT-40 - Method Recall% mAP50% mAP%
GlobalTrack [34]GMOT-40[1] - 15.65 -
Z-GMOT GLIP[20] - 66.20 36.10
Z-GMOT iGLIP[20] - 66.90 40.00
Siamese-DETR (COCO[35])[36] 49.90 63.60 -
Siamese-DETR (Objects365[37])[36] 55.40 69.60 -
Fixed Box SAM Pos.(Ours) 74.97 74.92 40.62
Variable Box SAM Pos.(Ours) 79.93 79.19 44.81
AnimalTrack Subset - Method Recall mAP50 mAP
Faster-RCNN [38] AnimalTrack[2] - 34.40 16.10
Fixed Box SAM Pos.(Ours) 64.04 70.57 35.61
Variable Box SAM Pos.(Ours) 72.55 77.57 43.90

Table II
GMOT-40 AND ANIMALTRACK SUBSET DETECTION COMPARISON.

COMPARISON RESULTS OBTAINED FROM [1], [2], [20], [36]. (-) MEANS
NO METRIC PROVIDED BY PUBLICATION. FIXED/VARIABLE BOX

INDICATES PROVIDED BOX FORMAT, SAM INDICATES PRESENCE OF
SAM MODULE, POS. INDICATES PRESENCE OF POSITIONAL FILTER.

BEST RESULTS ARE IN BOLD.

Method Recall% mAP50% mAP%
Faster R-CNN[38][30] 13.55 26.83 10.25
CornerNet[39][30] 24.03 28.37 12.29
CenterNet[40][30] 24.87 28.93 12.35
FPN[41][30] 25.59 29.88 12.93
D&T[42][30] 25.64 32.28 14.21
FGFA[43][30] 27.21 33.34 14.44
FCOS[44] Baseline WACV22’ [31] 26.98 32.42 11.44
Video-Rep. WACV22’ [31] 41.28 49.01 21.82
YoloV8 Trained Control[45] 46.50 49.50 27.50
Multi-Class Variable SAM Pos.(Ours) 48.80 58.40 29.30
Single-Class Variable SAM Pos.(Ours) 60.30 72.00 37.70

Table III
VISDRONE-2019 TASK 2 VIDEO DETECTION RESULTS ON TEST-DEV

SET. OUR TRAINED DETECTOR IS VALIDATED AGAINST RESULTS
PROVIDED BY [30], [31]. YOLOV8 TRAINED CONTROL MODEL IS USED
FOR COMPARISON PURPOSES[45]. BEST RESULTS FOR THE COMPARION

ARE IN BOLD.

D. Discussion

Multi-class and single-class performance are explained
separately. Starting with single class datasets, Tab. II shows
that the pipeline outperforms all available works under the
reported recall, mAP50, and mAP metrics. The proposed
solution performs the best by a margin of 19.5%, 5.3%,
and 0.6% under the fixed regiment of GMOT-40 for recall,
mAP50, and mAP. The variable regiment outperforms the
competitors by a margin of 24.5%, 9.5%, and 4.8% to the
corresponding metric leader.

Our pipeline performance over the test set of
AnimalTrack[2] is reported in Tab.II. POPCat performs
36.1%, and 19.5% better in mAP50 and mAP results
when compared to the faster-RCNN[38] baseline for fixed
selection. Results are averaged to a 43.1%, and 27.8%
improvement in mAP and mAP50 for the variable selection
cases.

Benchmarking on the Visdrone-2019 test-dev dataset
shows that our pipeline outperforms all other detectors by
a minimum margin of 21.6% in recall, 25.0% in mAP50,
and 14.8% in mAP Tab. II[30], [31]. We acknowledge
that our system has access to 54 frames out of the total



6635 frames of the testing dataset. Our pipeline is able
to capture context specific data about the environment and
targets which leads to significantly better results. We argue
that production applications would allow for a calibration
phase for vision systems which allows for training of the
system on the intended operational views. To validate the
operation of yolov8 we utilized a pretrained yolov8-x.pt
model from huggingface [45] and validated it with the same
setting on Visdrone dataset. Our pipeline outperforms the
control test by 2.3% recall, 8.9% mAP50, and 1.8% mAP.
This test demonstrates that the labeling methodology has a
significant impact on the performance of the yolov8 detector.
Furthermore, it demonstrates that the YOLOv8 architecture
has an excellent capacity to learn and adapt to difficult
datasets.

A third experiment quantifies the effect of class mis-
matches in the model. Class mismatch in the multi-class
model refers to instances where the boundaries of an ob-
ject are marked with the incorrect class. We depict class
mismatch in Fig.4 where the trucks are misclassified as
pedestrians (red). Under the Visdrone challenge, class mis-
match occurs as a result of class imbalance and the sparse
labeling methodology applied. To verify this phenomenon,
we perform a single-class experiment on Visdrone and
evaluate the precision and recall of the system. The single
class model shows an improvement of 11.5% recall, 13.6%
mAP50, and 8.4% in mAP Tab.III. This means that the
detector is still capable of detecting all listed targets but
struggles with class assignment. We postulate that including
a classifier stage at the end of the system may improve multi-
class results. We note that there is still room for improvement
within the propagation module as shown in this experiment.

Figure 4. Class switching is seen in multi-class inferencing on the
Visdrone-2019 dataset. Video uav0000077 00720 v shows pedestrians as
boxed in red, cars boxed in orange, trucks in green, people sitting in pink,
and vans in yellow.

With this pipeline, a total of 149 ground truth annotations
(40 GMOT-40, 58 AnimalTrack, 51 Visdrone) generate 4470
labeled frames for 115 separate videos (40 GMOT-40, 58
AnimalTrack, 17 Visdrone). We train 99 detection models to

inference a total of 40947 frames (9603 GMOT-40, 24709
AnimalTrack, 6635 Visdrone 2019 Test-set dev) with the
data above. The manual frame-to-inference frames ratio is
1:274, making our pipeline extremely efficient for video
annotation. Furthermore, our work exceeds all previous
works under the fixed box selection with SAM and positional
filtering, and has further improvements with the variable
regiment. We believe the best use case for our pipeline are
industrial computer vision settings. These environments tend
to feature multiple targets, a fixed camera, and well-defined
backgrounds which synergize with our pipeline.

E. Ablation Study

Figure 5. Comparison of pipeline components. Yellow arrows indicate
changes in detection

The goal of the ablation study is to validate the design
choices of the POPCat pipeline. All results are collected
with the implementation detailed in section IV-B for
GMOT-40 and AnimalTrack. Visdrone was not included in
the ablation study, as variables such as class distribution,
variations in object sizing, ID switching, and scene entry
cannot be ablated in an effective manner.

1) Application of Positional Filtering: Positional filtering
as it relates to the pruning of objects, is used to control tracks
that leave the extent of the image. This feature reduces the
false positive percentage (FP%) by eliminating erroneous
annotations due to loss of track in the propagation stage.
The overall FP% observes a reduction of 1.4% (fixed box
selection), 0.8% (Variable box selection), 0.3% (Fixed box
with SAM), and 0.3% (Variable box with SAM) for the
GMOT-40 dataset. Positional filtering minimally impacts
the recall%, with increases under 1.0%. For AnimalTrack,



GMOT-40[1] - Method - Total Instances:255235 Precision↑ Recall%↑ TP↑ FP↓ FP%↓ FN↓ FN%↓ mAP50↑ mAP↑ F1↑
Fixed Box Selection / No SAM / No Positional Filter 71.54 61.33 156536 62269 24.40 98699 38.67 58.63 28.04 66.04
Fixed Box Selection / No SAM / Positional Filter 72.81 61.70 157485 58815 23.04 97750 38.30 60.33 27.78 66.80
Variable Box Selection / No SAM / No Positional Filter 88.43 74.38 189841 24831 9.73 65394 25.62 77.35 46.02 80.80
Variable Box Selection / No SAM / Positional Filter 89.36 74.68 190599 22687 8.89 64636 25.32 77.65 45.17 81.36
Fixed Box Selection / SAM / No Positional Filter 86.68 74.70 190657 29312 11.48 64578 25.30 74.58 40.10 80.24
Fixed Box Selection / SAM / Positional Filter 86.98 74.97 191336 28651 11.22 63899 25.03 74.92 40.62 80.53
Variable Box Selection / SAM / No Positional Filter 90.21 78.87 201307 21853 8.56 53928 21.13 78.91 44.67 84.16
Variable Box Selection / SAM / Positional Filter 90.59 79.93 203998 21196 8.30 51237 20.07 79.19 44.81 84.92
AnimalTrack[2] - Method - Total Instances:428753 Precision↑ Recall%↑ TP↑ FP↓ FP%↓ FN↓ FN%↓ mAP50↑ mAP↑ F1↑
Fixed Box Selection / No SAM / No Positional Filter 68.68 57.58 246872 112582 26.26 181881 42.42 55.65 22.52 64.13
Fixed Box Selection / No SAM / Positional Filter 69.38 58.85 252255 111321 25.96 176498 41.17 58.19 24.19 64.79
Variable Box Selection / No SAM / No Positional Filter 88.75 77.57 332569 42151 9.83 96184 22.43 83.88 55.17 81.11
Variable Box Selection / No SAM / Positional Filter 89.17 76.80 329288 39993 9.33 99465 23.20 83.12 53.94 80.78
Fixed Box Selection / SAM / No Positional Filter 83.97 68.99 295808 56461 13.17 132945 31.01 75.59 39.64 75.00
Fixed Box Selection / SAM / Positional Filter 84.75 68.90 295401 53158 12.40 133352 31.10 75.82 39.89 75.29
Variable Box Selection / SAM / No Positional Filter 86.83 77.88 333922 50660 11.82 94831 22.12 82.98 47.70 81.07
Variable Box Selection / SAM / Positional Filter 87.01 77.52 332377 49632 11.58 96376 22.48 82.79 47.52 81.21

Table IV
ABLATION STUDY - GMOT-40 AND ANIMALTRACK. BEST RESULTS FOR THE EXPERIMENTS ARE IN BOLD

the overall FP% is reduced by 0.3% (fixed box selection),
0.5% (variable box selection), 0.8% (Fixed box with SAM),
and 0.2% (Variable box with SAM). The percentage recall
increase by less than 1% for AnimalTrack cases. Fig.5
depicts the effect of positional filtering on the output results.
By removing lost tracks, we ensure the accuracy of the
dataset used to train the detector. Therefore, the inference
frames no longer show FPs as is seen between a) and b) Fig.
5. The characteristics of the object trajectories within a video
dictate the impact of positional filtering on performance.
Highly mobile targets will benefit more from positional
filtering.

2) Application of Segment Anything Masking: The per-
cent recall is increased by 13.3% in GMOT-40, and 10.7%
in AnimalTrack between fixed selections and fixed SAM
method. The use of SAM to improve the precision of
bounding boxes halved the FP% with a reduction of 12.4%
and 13.3% for the fixed box annotation of GMOT-40 and
AnimalTrack. SAM has a lesser effect on variable box
annotations with the recall increasing by 4.9% for GMOT-
40 and 0.5% increase for AnimalTrack. For the variable
box selection, the effect of SAM on FP% is observed to be
mixed, as GMOT-40 has a 0.8% decrease, and AnimalTrack
averages a 2.1% increase. Elevated FP% in AnimalTrack
may be due to differences in the ground truth box size
and detected size. A qualitative review of videos indicates
that output box detections are smaller than ground-truth
detections resulting in an incorrect FP assumption. Note
the effectiveness of background exclusion in picture c)
compared to d) in Fig.5. Increases in recall are also observed
in the higher number of detections in c) compared to d)
Fig.5. Based on these results, SAM is a critical addition to
the POPCat pipeline.

3) Bounding Box Size Initialization: Depending on the
annotation requirements of the dataset, a fixed or variable
box is required. GMOT-40 observes an average increase of
13.0% in recall between fixed-box and variable-box meth-
ods. The SAM-based methods average an increase of 4.6%.

The FP% is halved, an average decrease of 14.4% from
23.7% for fixed-box to variable-box, and 2.9% from 8.4%
for the SAM-based methods is observed. Under Animal-
Track, the recall is increased by an average of 19.0% (fixed
box and variable box) and 8.7% (fixed SAM and variable
SAM). The FP% is decreased by an average of 16.5%
from 26.0% (fixed-box and variable-box) and 1.0% from
12.8% (fixed-SAM and variable-SAM). The performance
improvements result from a better representation of the
target data[46]. With a variable box selection, the target is
fully enclosed in the annotation-sequence pair. This leads
to a more accurate box representation of the target which
improves the trained detector performance. This can be
observed in Fig. 5 between e) and f) where the detected
area in f) fully encloses the targets when compared to e).
The performance improvements are at the cost of labeling
complexity and annotation time for the first frame.

V. CONCLUSION

In this paper, we propose a novel annotation pipeline
POPCat that utilizes point propagation and segmentation to
train a detector for annotation of a given video. The detector
results exceed the comparable literature review results for the
GMOT-40, AnimalTrack, and Visdrone-2019 test data. Our
pipeline exploits temporal consistencies in video sequences
to propagate highly accurate labels with an overall manual-
to-automatic annotation ratio of 1:274. To accommodate
end-user preference, we propose a simple and complex
method of pipeline initiation. We benchmark the results of
such choices to illustrate improvements of up to 50% false
positive rates and recall. We report a variety of detection
metrics to provide a complete picture of the performance
for future comparisons. We ensure that the pipeline can
operate on limited GPU hardware while maintaining a highly
time-efficient annotation process. We achieve the goal of
minimizing the human cost of annotation by limiting it to
a subset of total frames. The pipeline achieves the goals



of streamlining, simplifying, and improving the speed of
custom video dataset creation.
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