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Abstract

Visual object detection offers potential to enable various applica-
tions, including work analysis for higher productivity in industrial
sites. However, particularly in continuous system operation, the de-
tection accuracy can drop when dynamic environments introduce
unseen conditions. In this case, continual and iterative retraining is
essential for sustaining and enhancing the models’ performance.
To facilitate effective retraining cycles, we designed MiMiOps, a
Machine Learning Operations (MLOps) framework that integrates
missed detection mining via tracking. This framework actively
remedies model vulnerabilities by prioritizing retraining on hard
samples. It also mitigates annotation costs by automatically interpo-
lating the bounding boxes. We built a practical system and applied
it to worker detection in a logistics warehouse. An evaluation us-
ing actual footage demonstrated the improved detection accuracy
through the retraining cycles.
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1 Introduction

Object detection with cameras plays an active role in various fields
such as security and healthcare. It also shows potential for work
analysis to enhance productivity and work quality in industrial sites
[4, 13]. Modern object detection technologies are based on deep
learning and achieve high accuracy. Nevertheless, general-purpose
models often struggle to handle top-down views, wide-angle lens
distortion, and other specialized industrial settings. This limitation
necessitates fine-tuning or domain adaptation. Moreover, for the
continuous operation of object detection systems, sporadic events
and temporal changes may matter. For example, moving packages
sometimes occlude the detection targets heavily in logistics ware-
houses. Seasonal changes in clothing and lens dirt can also lead to
the domain shift problem. Since it is infeasible to create a model
that covers all such possible situations in advance, continual and
iterative model updates are crucial for sustaining and enhancing its
performance. Therefore, we focus on Machine Learning Operations
(MLOps), which streamlines the entire process, including model
retraining and validation [28].

A major practical challenge in training object detection models
lies in the human effort for annotation. Because models tend to per-
form poorly on exceptional cases rather than typical ones, merely
increasing the amount of training data yields limited improvement
in accuracy. Here, active learning, which prioritizes annotation
for highly informative samples, is a cost-effective solution [29].
We propose MiMiOps incorporating active learning into MLOps
of object detection models, as illustrated in Figure 1. This frame-
work automatically extracts frames containing missed detections
and interpolates their bounding boxes based on tracking results.
Then, it adds the frame images to the ground-truth dataset after
manually revising the bounding boxes. This process thereby em-
phasizes retraining on samples where the model formerly failed to
detect. In addition, it allows creating annotated data with less effort
compared to fully manual annotation. We implemented a system
with features such as a web-based user interface, anticipating the
involvement of non-technical personnel. Subsequently, we applied
it to worker detection in a logistics warehouse and conducted 14 re-
training cycles using over 150 hours of actual video footage in total.
The result showed improvement in detection accuracy through the
cycles, driven by a particular reduction in missed detections. This
study aims to present a hands-on reference for MLOps of object
detection models in the wild.
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Figure 1: Training and Annotation Cycle of MiMiOps Framework.

2 Related Work
2.1 MLOps

MLOps consistently assists machine learning lifecycles from model
training and versioning to data collection and annotation [28]. It is
especially helpful for continuous system operation. Kukkaro et al.
verified the effectiveness of continual learning on fog devices in a
simulated factory environment [14]. Nevertheless, most existing
examples of MLOps practice have been driven by industrial compa-
nies, and research reports with actual system construction remain
relatively scarce. Although open-source tools for MLOps, such as
MLflow [2] and Kubeflow [20], have been developed, building in-
house systems can be more appropriate depending on the project
scale and integration with other systems.

2.2 Self-Supervised Representation Learning
and Transfer Learning

Pretraining model backbones on a large volume of unlabeled data
is a common approach to achieve high generalization performance
with limited labeled data [30]. He et al. revealed that Masked Au-
toencoders (MAE) can acquire powerful visual representations [6].
Siméoni et al. released weights of DINOv3 trained on over 1.6 billion
images [26]. However, applying these methods to downstream tasks
such as object detection still requires annotated ground truth. Fur-
thermore, the effectiveness of publicly available foundation models
is limited in specialized situations like industrial sites.

2.3 Partial Automation of Annotation

Many studies have attempted to reduce human effort for annota-
tion in various ways. An approach that utilizes predictions of one
model as labels for another is called pseudo-labeling [11]. Chen et
al. proposed Point-DETR, which predicts pseudo-bounding boxes
from single-point annotations for each object [3]. Li et al. proposed
SIOD, which assumes annotations of only one instance per class per
image and assigns pseudo-labels to the remaining instances based
on their similarity [15]. These methods fall into weakly supervised
learning, allowing for model training with coarse ground truth. Yet
pseudo-labeling relying on visual features is likely to be inaccurate
when clues are scarce due to occlusion or when the same-class ob-

jects exhibit appearance variations, such as people walking versus
crouching.

Some studies have exploited temporal information in videos
to facilitate image annotation. Mahmud et al. proposed SSVOD,
which predicts bounding boxes across multiple consecutive frames
using a teacher model and adopts only those consistent with optical
flow results as pseudo-labels for the student [18]. However, since it
updates the teacher weights as an exponential moving average of
the student, erroneous teacher predictions can cause the student to
learn from incorrect data, leading to performance degradation in
the teacher itself. This vicious circle is known as the confirmation
bias issue. Sivapuram et al. proposed SA-LfV, which conducts single-
object tracking on an annotated object in a given frame and uses
its bounding boxes from frames with high tracking confidence as
pseudo-labels [27]. However, it does not account for situations
where multiple targets appear simultaneously.

We previously developed a semi-automated annotation frame-
work that extracts moving objects with optical flow and groups
their embedded representations through clustering [7, 12]. It en-
ables the generation of reliable ground truth with minimal effort
by setting bounding boxes automatically and assigning labels to
multiple objects collectively. Yet it still has the limitation that the
generated data does not contain stationary objects. In fact, when we
trained a detection model of warehouse workers on a dataset con-
structed using this framework, the model tended to miss workers
remaining in place for inspection.

2.4 Active Learning

Active learning reduces the amount of labeled data required for
model training by automatically selecting samples to be annotated
[29]. Park et al. introduced an additional head to estimate the con-
fidence of object detection models and calculated data difficulty
based on the composition of bounding boxes [21]. Yang et al. pro-
posed PPAL, which quantifies both uncertainty and diversity of
data regardless of the structure of object detection models [32]. Al-
ternatively, Lin et al. [16] and Sajid et al. [25] addressed retraining
of object detection models on missed or low-confidence bounding
boxes, similar to this study. One of the primary differences is that
we leave room for human intervention to prevent confirmation bias
while keeping human workloads to a practical minimum.
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3 Design and Implementation
3.1 Framework Design

To efficiently maintain and enhance the performance of visual object
detection models, we propose MiMiOps, an MLOps framework
based on Missed detection Mining via tracking. It aims to reduce
human effort by partial annotation automation while improving
training effectiveness by active learning. This framework can be
applied to arbitrary detection models in arbitrary environments as
long as the target objects are trackable. It is also compatible with
transfer learning from pretrained models. The flow of a cycle from
model training to ground truth creation is outlined below. We will
describe the details of each step in what follows.

(1) Split the ground-truth dataset for training and validation.
(2) Fine-tune the detection model.

(3) Conduct detection on every frame of videos.

(4) Apply tracking to the detected objects across frames.

(5) Extract frames containing missed detections.

(6) Interpolate bounding boxes of the missed detections.

(7) Filter out uncertain or redundant frames.

(8) Manually review and correct the bounding boxes.

(9) Add the frame images to the ground-truth dataset.

Step 1. prepares a dataset composed of all annotated images, in-
cluding those made in prior cycles. Then, randomly splits it into
training and validation subsets.

Step 2. fine-tunes the detection model using them. We update the
model weights to minimize loss on the training subset and adopt
those from the epoch with the best Average Precision (AP) on the
validation subset. Note that if the weights are reinitialized at every
cycle, the loss will take longer to converge. So, we resume training
by inheriting the weights from the previous cycle.

Step 3. uses the fine-tuned model to detect target objects in each
frame of the given videos. It is desirable to choose videos captured
at different times from prior cycles to enrich data patterns.

Step 4. tracks the target objects throughout all frames in the videos.
We employ a multi-object tracking method based on the Tracking-
by-Detection (TBD) paradigm, which chains corresponding bound-
ing boxes detected beforehand across frames [5]. As a result, each
object trajectory will be expressed as a sequence of the bound-
ing boxes at frames where the object was detected. That is, if no
bounding box is associated with the trajectory at some intermediate
frames, it implies that detection may have failed at those frames.
In this paper, we customized ByteTrack [34], a representative TBD-
based method, for multiple wide-angle cameras [19]. We performed
tracking in a global coordinate system and projected the resulting
trajectories onto the local coordinate systems of each camera.

Step 5. extracts frames that contain missed detections based on
the tracking results. Let I, denote the set of frame indices where
bounding boxes associated with a trajectory 7 exist. Let 7 denote
the set of all trajectories. Then, the equation below yields the set
I,,iss of frame indices with missed detections.

Lniss = U {i €N | minI;et <i< maXIéet Ni¢ I;et} )
el
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Step 6. linearly interpolates the bounding boxes of the missed de-
tections based on the detection and tracking results. Specifically,
the bounding box in a frame not detected is estimated by internally
dividing the ones in the last frame detected before it and the first
frame detected after it, as depicted in Figure 2. Let (x%, y™!) de-
note the top-left coordinates of a bounding box associated with
a trajectory 7 in the i-th frame. Then, the equations below give
the interpolated top-left coordinates (¥, >™) in the m-th frame.
The same holds for the top-right, bottom-left, and bottom-right
coordinates as well.

l=max{i€N|i<mAieI§e[} 2)
n=min{ieN|i>m/\i€I§et} (3)
som _ (n—m) xP + (m = 1) xo" @
n—1
7,1 T.n
_ Ay (m=1Dy®
grm_ n=m e (m=Dy 5
n-1
T, m ~T,Mm (m‘r’n,y‘r’n)
(wT,l,yT,l) Ty -) _____________
Frame
l m n

Figure 2: Linear Interpolation of Missed Detection.

Step 7. selects which frames to add to the ground truth among
frames with missed detections based on two criteria: uncertainty
and similarity. First, when an object remains undetected for an
extended duration, its interpolated bounding boxes may deviate
substantially from its actual positions. To prevent degradation in
data quality and annotation efficiency, we exclude frames that con-
tain interpolated bounding boxes undetected for a period longer
than Tp,;ss. Second, frames temporally close to each other tend to
carry overlapping information. To improve training efficiency, we
also skip frames within a period Tpeqr from an already adopted
frame.

Step 8. involves humans revising the adopted frame images and
bounding boxes. During revision, if an interpolated bounding box
appreciably shifted away from the actual object or enclosed a non-
target region, annotators can correct it by hand. Although this is
the only manual work in the cycle, it is easier than fully manual
annotation. Additionally, it is less prone to annotation omissions
caused by human oversight.

Step 9. adds the annotated frame images to the ground truth. These
samples are expected to contain patterns that the current model
finds difficult to recognize. This framework augments the ground
truth progressively by repeating the above cycle, leading to higher
generalization performance.
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Figure 3: Architecture of MiMiOps System.

3.2 System Implementation

We developed a practical system in accordance with the MiMiOps
framework to facilitate execution of the cycles. Figure 3 illustrates
the overall architecture. The black nodes represent external in-
terfaces where users interact. The blue nodes represent backends
where the system handles internal processing. Each gray block op-
erates as an independent container and communicates with others
over the network.

3.2.1 Interface. Primary manipulations related to process execu-
tion and monitoring are accessible through a dashboard imple-
mented as a web application. It intends to support collaboration
with personnel unfamiliar with technical work such as program-
ming. For reference, Figure 4 shows a dashboard screen for cycle
monitoring. Additionally, users get push notifications via Slack
when processes finish. For revision of frame images and bounding
boxes, we utilize an annotation tool on FastLabel !, a cloud-based
Al development platform, as shown in Figure 5.

#2 Cycle_2_20241003_1200_1230

Figure 4: Dashboard Application.

3.2.2 Backend. When the API server receives a request to start a
new cycle from the browser, it registers tasks in the queue managed
by the broker. Then, the worker sequentially carries out the tasks
in the queue and sends a message via Slack bot when completing
the final task or producing an error. Here, tasks refer to every auto-
matic process in the cycle, for example, downloading revised data
from FastLabel, fine-tuning the model, extracting and interpolating
missed detections, and uploading unrevised data to FastLabel.

Uhttps://fastlabel.ai/en

Figure 5: Annotation Tool Provided by FastLabel.

4 Field Evaluation

4.1 Model and Data

We applied the MiMiOps system to a worker detection model in a
Japanese logistics warehouse to assess its effectiveness. Wide-angle
cameras (H.View HV-800G2A5 2) were mounted vertically down-
ward on the ceiling of the inbound and outbound areas, as shown
in Figure 6. We employed the extra-large version of YOLOvS [8] as
the detection model. The model had been tuned in advance using
ground truth composed of 8515 manually annotated images and
8802 semi-automatically synthesized images [7, 12]. This experi-
ment additionally used video footage from 19 cameras on weekdays.
The videos were recorded in full HD resolution at 5 fps and up to 8
Mbps, and were undistorted with Double Sphere camera models
[31]. Figure 7 shows an example of the undistorted frame image.

4.2 Execution of MLOps Cycles

We conducted 14 complete cycles from model training to ground
truth creation, followed by the training phase into the 15th cycle.
The ratio of training to validation subset at fine-tuning was 9 : 1.
The training subset was randomly augmented in hue, saturation,
brightness, translation, scale, shear, perspective, and flip. The batch
size and maximum number of epochs were 64 and 300, respectively.
We empirically set both parameters Tpiss and Tpeqr, which control
data reliability and diversity, to 2 seconds. This duration accounts

Zhttps://hviewsmart.com/products/h-view-colorcam-4k-bullet-ai- camera-with-
color-night-vision-hv-800g2a5
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Figure 7: Example of Undistorted Frame Image.

for substantial appearance changes across the associated move-
ments under wide-angle lens distortion. Table 1 summarizes the
video durations used and the total ground truth quantities created
from them for each cycle. The considerable variation in the ground
truth quantity per video duration is seemingly due to differences
not only in the accuracy of the detection model but also in the
number of detection targets present.

4.3 Creation of Test Data

We manually created test data from 180 minutes of the videos not
used in the cycles. At that time, we annotated frames uniformly
sampled at 1-minute intervals rather than ones containing missed
detections. It intended to ensure fair evaluation regardless of the
detection accuracy biases. Note that frames with severe artifacts
from transmission errors were discarded. Consequently, the test
data comprised 3419 (~ 19 X 180) images with 10399 annotations.

4.4 Results and Discussions

Table 2 summarizes the AP on the test data for the model at each
cycle. Figure 8 presents their transitions across the cycles. Here,
the model at the j-th cycle refers to the model fine-tuned in the
Jj-th cycle using the data accumulated up to the j — 1-th cycle.
The model at the first cycle is equivalent to the initial state before
the cycles. These results indicate a trend of increasing AP as the
cycles proceeded. MiMiOps appears to deliver solid improvements
in detection accuracy while mitigating manual processes.

UbiComp Companion "26, October 11-15, 2026, Shanghai, China

Table 1: Video Durations Used and Ground Truth Quantities
Created

Cycle ‘ Video Duration (min) # of Images # of Annots

1 19 X 60 3807 19732
19 X 60 1678 7940

3 19 X 30 1201 5029
4 19 X 30 660 2069
5 19 X 30 1271 6166
6 19 X 30 1241 6152
7 19 X 30 852 3530
8 19 X 30 939 4147
9 19 x 30 2103 11339
10 19 X 30 900 4783
11 19 X 30 1162 6799
12 19 x 30 752 4073
13 19 X 30 505 2237
14 19 X 30 487 1414
1-14 19 x 480 17558 85410

Table 2: Average Precision per Cycle on Test Data

Cycle | AP50:95 AP50 AP75

1 0.508 0.723  0.559
2 0.584 0.840 0.639
3 0.576 0.834 0.632
4 0.594 0.852  0.652
5 0.586 0.835 0.644
6 0.593 0.860 0.655
7 0.594 0.864 0.651
8 0.596 0.867 0.651
9 0.598 0.866 0.661
10 0.636 0.896 0.705
11 0.639 0.905 0.711
12 0.641 0.907 0.712
13 0.637 0.904 0.704
14 0.643 0.907 0.715
15 0.652 0.915 0.722

Nevertheless, compared with AP50 exceeding 0.9, AP50:95 and
AP75 seem to leave room for further improvement. A possible fac-
tor is misalignment of bounding boxes in the created ground truth.
In this study, we interpolated the bounding boxes of missed detec-
tions linearly, but they do not always match the actual positions
and sizes of the objects. The degree of error correction depends
on each annotator; while stricter adjustments could improve data
quality, they would also increase annotation effort. Nonlinear in-
terpolation methods, such as spline interpolation, or segmentation
techniques, which estimate object boundaries, may help reduce the
misalignment. Having said that, the precision of bounding boxes is
not very critical in some applications. For example, identifying a
pallet inspected by a warehouse worker requires only a positioning
resolution of about 1.1 m, the size of a single pallet.
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Figure 8: Average Precision per Cycle on Test Data.

Figure 9 plots the precision-recall curves with an Intersection
over Union (IoU) threshold of 0.5. Note that it displays only a por-
tion of the region for visibility. This result demonstrates that both
recall and precision tended to improve over the cycles. MiMiOps in-
corporated active learning to suppress missed detections (i.e., false
negatives). It likely contributed to the great improvement in recall.
On the other hand, the system did not explicitly address false detec-
tions (i.e., false positives). The richer patterns in the ground truth
seem to have led to more correct detections (i.e., true positives),
resulting in an improvement in precision accordingly. The precise
extent to which active learning and partial annotation automation
contribute to accuracy gains and cost reductions warrants deeper
investigation. We leave quantitative analysis to isolate these effects
for future work.

—— Cyclel
---- Cycle 2
—— Cycle 3
-- Cycle 4
Cycle 5
Cycle 6
Cycle 7
Cycle 8
Cycle 9
Cycle 10
Cycle 11
Cycle 12
Cycle 13
---- Cycle 14
—— Cycle 15

Precision

1.0
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Figure 9: Precision-Recall Curves per Cycle on Test Data.

In this study, we fine-tuned the detection model using all ac-
cumulated ground-truth data at every cycle to prevent forgetting
knowledge learned in prior cycles. Although this procedure worked
sufficiently well in this experiment, it also has limitations. As the cy-
cles progress, the training time and computational amount increase,
and the influence of newly added data declines. In the context
of continual learning [22], various studies have sought to over-
come catastrophic forgetting while preserving adaptability to new
data. These approaches include experience replay, which blends
informative past samples with new ones [17, 23], and weight regu-
larization, which constrains updates to critical weight parameters
[1, 33]. We are considering integrating such techniques into the
MiMiOps framework to enable further long-term operation.

Kano et al.

5 Model Benchmark

In this paper, we adopted YOLOVS [8] as the detection model and
have engaged in MLOps for nearly 2 years to enhance its accu-
racy. However, many new models have emerged during this period.
Hence, we verify whether alternative models allow the system to
extend its capabilities. Specifically, we examine three YOLO models
[8-10], each trained with its launch or current version of the Ultr-
alytics library. We also compare RF-DETR [24], a state-of-the-art
model from the DETR family. We tuned them using the ground
truth accumulated up to the 14th cycle and assessed them by consis-
tent protocol on the test data. Table 3 lists the AP averaged over five
trials with different random seeds for each model. The AP exhibited
little variation across YOLO versions, whereas it was sensitive to
used libraries. As a result, RF-DETR yielded the best scores in our
settings, likely attributable in part to its twice as many parameters.

Table 3: Average Precision per Model on Test Data

Model Ultralytics Albumentations‘APSO:% AP50 AP75
YOLOv8x 8.0.0 Disabled 0.680 0.930 0.769
YOLOv8x 8.4.70 Enabled 0.672  0.935 0.758
YOLO11x 8.3.0 Disabled 0.660 0.926 0.741
YOLO11x 8.4.70 Enabled 0.673  0.934 0.760
YOLO26x 8.4.0 Disabled 0.646 0.923 0.721
YOLO26x 8.4.70 Enabled 0.674 0.933 0.763

RF-DETR-2XL — Enabled 0.698 0.947 0.781
YOLOv8x .
(Cycle 15) 8.3.52 Disabled 0.652  0.915 0.722

6 Conclusion

In this study, we tackled MLOps for maintaining and enhancing the
performance of object detection models efficiently. Our MiMiOps
framework improves training effectiveness by active learning, re-
training models on frame images containing missed detections.
Additionally, it reduces human effort for annotation by utilizing de-
tected or interpolated bounding boxes. We implemented the frame-
work as a practical system and also shared its configuration. Fur-
thermore, we performed the training and annotation cycles for a
detection model of warehouse workers. The result confirmed the
improvement in AP through the iterations, with a notable increase
in recall. At the same time, it also suggested remaining challenges
related to bounding box misalignment. Separately, the model bench-
mark promised further improvement by shifting models. We plan
to continue refining and operating this system from now on. We
expect this study to serve as a useful reference for building MLOps
pipelines of object detection models.
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