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Abstract

High-accuracy object detection on resource-constrained devices is essential for many ap-

plications including autonomous systems, agriculture, and mobile computing. However,

deploying high-performance object detection models on these devices is impractical due to

computational limitations, and transmitting and processing all data on a much more pow-

erful remote server running significantly more complex and accurate models, known as full

cloud offloading, incurs high latency and cost.

This thesis proposes a selective cloud offloading framework that balances prediction accu-

racy and processing cost. A lightweight edge model makes initial predictions using conformal

prediction to quantify uncertainty. Only high-uncertainty regions are offloaded to the cloud

for refinement by more powerful models. To further optimize efficiency, multiple uncertain

regions are merged into a single image before offloading, reducing transmission and process-

ing costs. The system is evaluated on real datasets, demonstrating substantial accuracy

improvements with minimal additional overhead.
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1 Introduction

1.1 Motivation

Object detection [1] is foundational to a wide range of modern applications and continues to

enable increasingly diverse use cases. It assists farmers in identifying plant diseases, pests,

or assessing fruit ripeness using low-performance field devices [2, 3], and supports visually

impaired individuals in recognizing objects or reading text through wearable technologies

[4, 5, 6]. In healthcare, it facilitates early diagnosis through medical image analysis [7]. In

autonomous driving, real-time object recognition is vital for obstacle avoidance and traffic

scene understanding [8]. Smart city infrastructure and industrial automation also leverage

object detection for safety monitoring, anomaly detection, and operational optimization [9].

These examples illustrate just a subset of its growing impact across domains.

Despite its importance, achieving high-accuracy, real-time object detection on resource-

constrained edge devices, such as drones and embedded systems, remains a significant chal-

lenge due to the intensive computational demands of deep neural networks (DNNs).

To overcome these limitations, cloud offloading has emerged as a promising strategy

[10], wherein demanding tasks are transferred from edge devices to powerful cloud servers.

For object detection, this typically means sending images or image segments to cloud data

centers for analysis by more accurate, heavyweight models. However, this approach presents

its own significant drawbacks. Transmitting high-volume image data can overwhelm limited

network bandwidth, while the financial burden can be substantial, particularly as prominent

cloud services (e.g., Amazon Rekognition, Google Cloud Vision AI) often bill per image

processed. This billing model makes naive offloading of multiple image parts especially costly.

Consequently, there is a critical need for an intelligent offloading strategy that judiciously
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balances detection accuracy with these operational costs.

(a) Edge prediction (YOLOv5-Tiny) (b) Cloud prediction (Mask-RCNN)

Figure 1.1: Comparison between edge and cloud predictions. The model at the edge does
not perform as well as the model on the cloud.

1.2 Background

Several approaches have targeted video stream optimization, for instance, by compressing

frames [11] or using local tracking with intermittent cloud offloading, sometimes guided by

server context [12, 13]. These video-centric techniques, however, are not directly applicable

to static image processing. Their reliance on spatial and temporal relationships between

frames—used for effective data compression or object tracking—is incompatible with static

images, which are processed independently. For static images, some systems like EdgeDuet

[14] employ heuristics, such as object size, to make offloading decisions. Unfortunately,

these heuristic-based methods can lead to suboptimal outcomes because such features do

not consistently correlate with true detection difficulty.

A fundamental challenge with existing offloading approaches is the trade-off between cost

and system accuracy. Sending more data to the cloud improves accuracy but incurs higher

bandwidth and computational expenses. Current solutions do not offer a mechanism for
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users to control this trade-off effectively. This underscores the need for an adaptive, efficient,

and general-purpose offloading strategy that dynamically balances accuracy and cost while

allowing users to configure their desired trade-off based on application requirements.

1.3 Overview of the Proposed Solution

First, this thesis establishes an intelligent mechanism for deciding what to offload by accu-

rately quantifying the uncertainty of object detections performed at the edge. The proposed

system initially employs a lightweight object detection model on the resource-constrained

device. Crucially, it then leverages conformal prediction [15, 16, 17], to generate a math-

ematically rigorous uncertainty score for each detected object. Conformal prediction is a

technique that provides statistically rigorous and distribution-free measures of confidence for

individual predictions, allowing for a reliable assessment of the likelihood that a detection

is correct. By introducing a tunable threshold on this uncertainty measure (the conformal

score), the framework offers users explicit control over the trade-off between processing cost

and detection accuracy: a lower threshold results in more offloading and higher accuracy,

while a higher threshold prioritizes cost savings.

Second, having identified which detections are uncertain, this work optimizes how these

detections are offloaded to the cloud. A naive approach would be to transmit each individual

image region (i.e., the bounding box around a detected object) that exceeds the uncertainty

threshold. However, this strategy is highly inefficient. As previously noted, cloud-based

object detection services typically charge per image processed, meaning sending numerous

small regions separately incurs prohibitive recognition costs. Furthermore, this leads to

significant computational overhead due to repeated model initializations on the cloud server.

To address this, a packing-based optimization strategy is introduced. This technique

intelligently groups multiple uncertain image regions from the same original image into a

single, composite image before offloading. By consolidating these regions and sending one

packed image instead of many small ones, the method drastically reduces the number of

separate requests to the cloud. This approach minimizes not only data transmission but,

more importantly, the monetary and computational recognition costs, thereby creating a far
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more efficient and scalable offloading solution.

1.4 Contributions

To summarize, this thesis makes the following contributions:

1. A selective cloud offloading strategy that balances cost and accuracy by leveraging

conformal prediction to assess uncertainty in object detection.

2. A packing-based optimization technique to further reduce cloud transmission costs

while maintaining detection precision.

3. A user-configurable trade-off mechanism, allowing applications to adjust accuracy and

cost constraints based on specific requirements.

4. An extensive experimental evaluation demonstrating that the proposed method achieves

substantial accuracy improvements with significantly less data compared to existing

approaches.

1.5 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 3 discusses the preliminaries

and defines the problem. Chapter 4 presents the architecture and components of the selective

offloading solution. Chapter 5 introduces algorithms for image stitching. Chapter 6 presents

experimental results. Chapter 2 discusses related work, and Chapter 7 concludes the thesis

with directions for future research.
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2 Related Work

This chapter reviews prior research in three key areas relevant to this thesis: object detection,

edge computing, and cloud offloading. It places the proposed selective offloading framework

within the context of recent advancements in each domain.

2.1 Object Detection

With the advancement of deep neural networks [18, 19], attention-based models[20], and the

availability of large-scale annotated datasets[21, 22, 23], object detection has reached a level

of accuracy that enables reliable recognition of objects in both images and videos. These data

formats dominate today’s internet traffic, making object detection a core component of many

real-world applications such as agriculture [24], autonomous navigation [25, 26], surveillance

[27], and even sport analytics [28]. According to recent statistics, video alone accounts

for more than 70% of global internet traffic [29], highlighting the practical significance of

high-performance visual recognition systems.

Several research efforts have produced highly accurate models such as Faster R-CNN [30],

SSD [31], YOLOv5–v12 [32, 33, 34, 18, 35], and DETR [36], which achieve impressive results

on standard benchmarks like COCO [37], Open Images [22], and Pascal VOC [38]. These

models represent the current state of the art in object detection, combining advances in

convolutional backbones, multi-scale feature fusion, and attention mechanisms.

Despite these gains in accuracy, deep learning models remain computationally expensive

and are often unsuitable for real-time or on-device deployment without modification. For ex-

ample, Faster R-CNN typically processes images at around 5 FPS on GPUs [39]. Processing

high-resolution video streams or large image batches with heavyweight models introduces

latency, energy consumption, and cost challenges.
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To address these issues, a substantial body of research has focused on accelerating in-

ference while preserving accuracy. Based on an internal survey of over 30 state-of-the-art

papers on object detection and image and video analytics, I identified five general strategies

commonly employed to speed up inference in large-scale settings:

1. Model Architecture Optimization: Redesigning core detector architectures for speed–accuracy

trade-offs. To name a few examples, YOLOv10 [18] eliminates postprocessing (e.g.,

NMS), while LW-DETR [40] and RT-DETRv3 [41] provide real-time DETR alterna-

tives with dense supervision and lightweight attention.

2. Data Preprocessing : Transforming or indexing visual data at ingest time to reduce com-

putation during inference. These techniques primarily involve creating rich metadata,

feature indices, or frame-level summaries to support efficient querying, as demonstrated

in Tahoma [42] and VStore [43]. However, such preprocessing incurs a significant

ingest-time delay before inference can begin, rendering it unsuitable for real-time or

live streaming scenarios where data arrives continuously and cannot be indexed ahead

of time.

3. Filtering : Using lightweight models or heuristic rules to eliminate uninformative frames

or regions before passing them to expensive detectors. For example, NoScope[44] em-

ploys difference detectors to skip redundant frames in static camera settings.

4. Specialized Neural Networks (SNNs): Training compact proxy models tailored to spe-

cific object classes or scene types. Systems like BlazeIt[45] and Focus use these to

pre-filter frames or estimate query-specific statistics.

5. Mathematical Optimization: Applying statistical techniques such as Monte Carlo es-

timation or control variates to reduce sample sizes or prioritize high-value inferences,

especially for aggregate or limit queries.

These categories are not mutually exclusive. Many systems adopt a hybrid approach,

combining two or more of these techniques to balance speed and accuracy. Our survey

provides a taxonomy of such systems and highlights where each technique is most effective,

depending on the application domain and computational constraints.
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Model architecture optimization is a direct and intuitive strategy for accelerating infer-

ence by redesigning object detectors from the ground up. Recent models achieve gains by

removing costly postprocessing steps such as non-maximum suppression (NMS) and incor-

porating architecture-level improvements tailored for edge efficiency [18, 40]. However, these

optimizations often reach a point of diminishing returns; despite engineering advances, they

typically fall short of delivering the performance needed for real-world deployment without

compromising accuracy—the very metric that made object detection interesting in recent

years.

Specialized neural networks (SNNs) have emerged as an effective tool for accelerating

object detection in video. These networks are trained to mimic the behavior of a larger,

more accurate reference model on a limited or simplified task (e.g., binary classification

for the presence of a specific object). Systems like BlazeIt [45] use SNNs both for sampling

prioritization and as control variates in approximate query processing. Focus leverages SNNs

to build lightweight indices during preprocessing, enabling rapid exploratory querying over

large image and video datasets.

In addition, filtering strategies such as difference detectors (NoScope [44]) and clustering-

based frame selection (Focus [46]) help eliminate redundant or low-information frames before

running full object detection. These techniques are particularly useful in static-camera en-

vironments where temporal redundancy is high. However, as our survey highlights, these

techniques are less effective for dynamic or mobile multimedia sources.

Recent innovations also explore dynamic model selection and adaptive cascades. For

instance, Tahoma[42] builds hundreds of classifier cascades by jointly optimizing input rep-

resentations (e.g., image resolution or color depth) and model architecture. Similarly, the

Windowed ϵ-Greedy algorithm trains fast classifiers under short-term class skew to achieve

online acceleration of object classification.

Mathematical optimization techniques offer an orthogonal direction to architectural or

data-level improvements. Rather than changing the models or input data, these methods

apply statistical principles to reduce computational cost, especially for aggregate and limit

queries.

For instance, BlazeIt [45] uses control variates—a classical variance reduction method
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from Monte Carlo simulation—to reduce the number of samples needed for answering queries

with statistical guarantees. Similarly, Video Monitoring Queries [47] applies Monte Carlo

estimation to spatial aggregate queries, significantly lowering variance while maintaining ac-

curacy. SVQ++ [48] goes further by adapting the Kolmogorov–Smirnov test to dynamically

trigger model adaptation in response to shifts in video content distributions.

Object detection has advanced significantly in accuracy, driven by deep models and

large datasets. However, deploying these models at scale remains challenging due to high

computational costs. Recent work addresses this through architectural simplifications, data

filtering, lightweight proxies, and statistical optimization to balance speed and accuracy.

2.2 Edge Computing

Edge computing has emerged as a response to the growing demands of latency-sensitive,

bandwidth-intensive, and privacy-aware applications, particularly in the context of the In-

ternet of Things (IoT), autonomous vehicles, and real-time analytics [49, 50].

Unlike traditional cloud computing, which centralizes computation in large data centers,

edge computing pushes computation closer to the data source (at the “edge” of the network)

thereby reducing transmission latency, alleviating backbone network congestion, improving

privacy, and enhancing contextual awareness [51].

Despite its advantages, edge computing faces several challenges. Resource constraints are

perhaps the most cited limitation: edge nodes often have limited CPU, memory, and storage

compared to cloud infrastructures [52]. Security concerns are amplified due to the distributed

and heterogeneous nature of edge devices [53]. Moreover, orchestration complexity, including

service placement, task scheduling, and state management across edge nodes, significantly

complicates system design [54].

The rise in edge computing adoption is closely linked to the proliferation of connected de-

vices, the exponential growth of data generated at the edge, and the limitations of centralized

cloud architectures to meet real-time performance requirements. Furthermore, advancements

in 5G networks and containerization technologies have enabled low-latency communication

and lightweight deployment of services at the edge [55].
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The literature has proposed various frameworks and paradigms to address the limitations

of edge computing. Broadly, these can be categorized into:

1. Computation Offloading: Deciding when and what tasks to offload from the edge to

more powerful nodes or the cloud [56]. For instance, MAUI [57] introduces a system

that offloads fine-grained methods from smartphones to cloud servers to extend bat-

tery life. CloneCloud [58] similarly partitions mobile applications, migrating part of

the execution to the cloud to improve performance without developer intervention.

ThinkAir [59] extends this concept by supporting parallel execution and dynamic VM

allocation, making it highly scalable for computation-heavy tasks.

2. Resource Management: Dynamic allocation of computing, storage, and networking re-

sources across distributed nodes [60]. FogAtlas [61] proposes a system that utilizes

software-defined networking (SDN) and network function virtualization (NFV) to in-

telligently place services across the fog continuum. Diro and Chilamkurti [62] present a

reinforcement learning-based strategy that adapts resource allocation policies in real-

time to changing workloads. Taleb et al. [63] offer a comprehensive orchestration

model within 5G Multi-access Edge Computing (MEC), addressing deployment, elas-

ticity, and mobility.

3. Task Scheduling: Optimizing the execution order and placement of computational

tasks to minimize latency or energy consumption [64]. Xu et al. [65] introduce a deep

reinforcement learning scheduler that dynamically learns optimal policies to maximize

Quality of Service (QoS) under varying network conditions. Oueis et al. [66] evaluate

practical scheduling algorithms that consider user mobility and limited radio resources.

Wang et al. [67] design an energy-aware scheduler to optimize power consumption by

adjusting task placement based on current device energy levels.

4. Security and Privacy Models: Employing cryptographic protocols, trust frameworks,

and federated learning to ensure data confidentiality and integrity [68]. Gai et al. [69]

present a privacy-preserving data aggregation model for smart metering that uses ho-

momorphic encryption to enable secure regional statistics computation. Costan and
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Devadas [70] provide an in-depth explanation of Intel SGX, which enables trusted

execution environments (TEEs) for secure edge-side computations. Li et al. [71] de-

velop FedAvg, a federated learning protocol that trains AI models on-device without

centralizing raw data, preserving user privacy.

5. Fault Tolerance and Redundancy: Strategies for ensuring reliability in the face of node

failure or communication loss [72]. Yi et al. [73] discuss proactive replication at the

edge, duplicating critical tasks to backup nodes to maintain service continuity. Tang et

al. [74] propose a dynamic checkpointing and rollback recovery mechanism for cloud-

edge environments that minimizes state loss and recovery time. Ongaro and Ousterhout

[75] present the Raft consensus algorithm, which ensures system consistency and fault

tolerance among distributed edge nodes.

Among these, computation offloading has garnered particular attention due to its po-

tential to mitigate the inherent limitations of edge nodes. The next section explores this

solution in detail.

2.3 Cloud Offloading

Cloud offloading is a widely studied strategy within edge computing that seeks to augment

the capabilities of resource-constrained edge devices by delegating intensive computation

tasks to remote cloud servers. The core idea is to reduce latency, energy consumption, and

processing load on end-user devices by leveraging the virtually unlimited resources of the

cloud [56, 55, 10].

The motivation behind cloud offloading lies in the trade-offs between local execution

and remote processing. While executing tasks locally offers low-latency data access, it is

often constrained by the limited computational power and battery life of edge devices such

as smartphones, IoT sensors, or autonomous drones. Offloading enables these devices to

perform complex tasks—such as image processing, machine learning inference, and large-

scale data analytics—without overwhelming local resources [57].

Despite its advantages, cloud offloading presents several technical and architectural chal-

lenges. Network latency and variability can negate the performance gains from offloading,
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particularly for delay-sensitive applications [59]. Moreover, the overhead of determining what

to offload, when to offload, and to which server to offload introduces significant scheduling

complexity. Security and privacy concerns are also central: transmitting data to the cloud

exposes it to interception, tampering, or misuse [58].

The literature offers various offloading strategies, each addressing different optimization

goals:

• Static Offloading: Decisions are made at compile-time or deployment-time. CloneCloud

[58] exemplifies this, partitioning applications into local and cloud-executable segments.

• Dynamic Offloading: Decisions are made at runtime based on contextual data such as

CPU load, battery level, or network bandwidth. MAUI [57] employs a cost model to

decide dynamically which methods to offload.

• Partial vs. Full Offloading: ThinkAir [59] allows both partial and full task migration,

supporting parallel cloud execution and dynamic VM provisioning for scalability.

• Energy-Aware Offloading: Strategies such as those proposed in [67] minimize device

energy consumption by adjusting task placement according to current battery and

workload levels.

• Multi-tier Offloading: Recent approaches consider a hybrid edge–cloud continuum,

offloading tasks first to nearby edge servers and then to the cloud if necessary [54].

The convergence of 5G, AI, and edge-cloud orchestration frameworks is reshaping the

landscape of offloading. With the advent of federated learning, it is now possible to offload

only model updates rather than raw data, preserving privacy while still leveraging cloud com-

putation power [71]. Furthermore, containerized microservices and lightweight virtualization

techniques have enabled more granular and efficient task migration across heterogeneous in-

frastructure [63].

Cloud offloading remains a cornerstone of edge computing strategies, especially in sce-

narios where real-time responsiveness and low device power budgets are critical. It also lays

the groundwork for more complex, adaptive offloading frameworks that integrate machine

learning, mobility prediction, and real-time resource orchestration.
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3 Preliminaries and Problem Definition

This thesis considers the object detection problem on a set of images, X, referred to as

the Image Set. Each element x ∈ X represents one image. The general object detection

problem is modeled in Section 3.1, followed by the specific formulation adopted in this thesis

in Section 3.3.

3.1 Object Detection Problem

An object detection model, M , takes an input image x and outputs a set of predictions

Y M
x . Each prediction yMi ∈ Y M

x is a tuple (BM
i , cMi , pMi ), where BM

i is a bounding box, cMi

is the predicted class label, and pMi is the confidence score (i.e., the predicted probability for

class cMi ). In multi-class object detection, the model assigns a probability to each possible

class for every detected object; here, pMi corresponds to the maximum probability across all

classes, and cMi is the associated class.

Each bounding box is represented as BM
i = (sMi , eMi , wM

i , hM
i ), where (sMi , eMi ) is the

pixel coordinate of the top-left corner of the box, and wM
i , hM

i are its width and height,

respectively.

In object detection, ground-truth results refer to the set of bounding boxes where objects

actually exist as well as their true class labels, denoted as Y (x) for a given image x. A

predicted box yMi ∈ Y M(x) is considered a match to a ground-truth box yi ∈ Y (x) if the

Intersection over Union (IoU) of the corresponding bounding boxes exceeds a predefined

threshold IoUt (typically 0.5) [76]. Specifically,

IoU(Bi, B
M
i ) =

Area(Bi ∩BM
i )

Area(Bi ∪BM
i )

,
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where Area() computes the area in pixels, and ∩ and ∪ represent the intersection and

union of bounding boxes, respectively.

A prediction yMi is considered correct if there exists at least one ground-truth box Bi

such that IoU(BM
i , Bi) ≥ IoUt and the predicted label matches the ground-truth label. For

brevity, Y M
x ∩ Yx denotes the set of correct predictions from Y M

x .

To evaluate the performance of a model M on an image x, two standard metrics are

adopted: Precision and Recall [77].

Prec(Yx, Y
M
x ) =

|Y M
x ∩ Yx|
|Y M

x |
, Rec(Yx, Y

M
x ) =

|Y M
x ∩ Yx|
|Yx|

.

For an entire image set X, define YM
X and YX as the unions of predictions and ground

truth, respectively. Precision and recall are then calculated as Prec(YX ,YM
X ) andRec(YX ,YM

X ).

When ground-truth data are unavailable, predictions from the cloud model—due to their

typically higher quality—may serve as a proxy. In such cases, the cloud model’s precision

and recall are assumed to be 1.

3.2 Conformal Prediction

Conformal prediction [17, 15, 16] is a statistical framework that provides principled un-

certainty estimates for machine learning predictions. It operates under the assumption of

exchangeability, meaning that the data distribution remains invariant under permutations.

This assumption allows conformal methods to offer finite-sample, distribution-free guarantees

on prediction reliability.

The dataset is split into a training set and a calibration set. The model is trained

on the former, while the calibration set C = {(x1, y1), . . . , (xn, yn)}—with xi ∈ Rd and

yi ∈ {0, 1}—is used to measure model uncertainty.

A nonconformity function α : Rd × {0, 1} → R quantifies how atypical a data point is.

For each calibration point, compute:

αi = α(xi, yi).
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To predict the label for a new input xn+1, compute the nonconformity score αn+1 =

α(xn+1, y) for each possible label y ∈ {0, 1}. The associated p-value is:

py =
1 +

∑n
i=1 I{αi ≥ αn+1}
n+ 1

.

The conformal prediction set at significance level α (confidence 1− α) is:

Γ(xn+1) = {y ∈ {0, 1} : py > α}.

This guarantees that the true label yn+1 is included in Γ(xn+1) with probability at least

1− α. The value of α allows control over prediction set size versus confidence.

3.3 Object Detection with Cloud Offloading

This thesis considers two object detection models: the edge model Me and the cloud

model Mc. The edge model operates with lower computational cost but yields lower accu-

racy, whereas the cloud model is more accurate but incurs higher costs in latency, computa-

tion, and data transmission.

The goal is to selectively offload detections from Me that are likely incorrect, sending

only those parts of images to Mc for refinement. This strategy is known as selective cloud

offloading [56, 55, 10].

Let Ye
X and Yc

X denote predictions from Me and Mc, respectively. Let Y′e
X ⊂ Ye

X repre-

sent uncertain predictions selected for cloud refinement, and let Y′c
X be the refined outputs.

The final prediction set is:

YX = (Ye
X \ Y′e

X) ∪ Y′c
X .

Two extremes exist: - If no predictions are offloaded, then YX = Ye
X . - If all are offloaded,

then YX = Yc
X .

Let C(Me,Y′c
X) denote the total offloading cost, including transmission and cloud in-

ference. As |Y′c
X | increases, so does C. To manage this trade-off, this thesis introduces a

parameter α ∈ [0, 1] to control the balance between accuracy and cost.
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4 Proposed Solution: Selective Offloading

This work presents a principled approach to managing the trade-off between object detec-

tion performance and the cost associated with cloud offloading. By intelligently determining

which parts of an image to offload for further processing, the framework aims to minimize

both data transmission and cloud model invocation costs, while maximizing detection accu-

racy.

As illustrated in Figure 4.1, the object detection pipeline is divided into two primary

components: object detection on the edge and selective offloading.

4.1 Object Detection on the Edge

The first stage of the system performs object detection entirely on the edge device. This

involves two steps: object localization and classification.

Object localization generates bounding boxes that may contain objects. A key challenge

at the edge is low recall, where some objects may be missed due to the limited capacity of

lightweight models. To mitigate this, the confidence threshold Cthresh of the edge model is

reduced. This threshold determines the minimum certainty required for a detection to be

A. Object Detection on the Edge

Image

B. Selective Offloading

New 
Prediction

Conformal Prediction

Cloud Model

Offload

Input

Object
Detection

Filtering w.  Threshold

Input ImageGround-Truth

Calibration Set

Predictions

Calibrate Refined 
Result

Final Results

Selective
Offloading

Edge Model

Confident
Uncertain

Figure 4.1: System overview: A high-level representation of the selective cloud offloading
framework.

15



reported. Lowering it allows the model to propose more bounding boxes, improving recall

at the cost of more false positives.

Each bounding box bi is scored using a confidence function C(bi) that estimates the

likelihood of the box containing an object of any class. For YOLO-style models, this is

computed as:

Conf(bi) = Pobj(bi) ·max
c∈C

P (c | bi),

where Pobj(bi) is the objectness score and P (c | bi) is the predicted probability that the

object belongs to class c, given its existence in bi.

Bounding boxes are retained if they exceed the confidence threshold:

Bout = {bi ∈ B | C(bi) ≥ Cthresh}. (4.1)

A lower Cthresh yields higher recall but may include noisy detections. These can be filtered

during the subsequent classification stage, which leverages uncertainty estimation.

Once candidate object regions are localized, classification is applied to each bounding

box to identify the object class. These two steps—localization and classification—can be

performed separately [78] or jointly [79] depending on the detection model. Due to limitations

of lightweight edge models, this system does not rely solely on edge predictions and instead

introduces a selective offloading mechanism.

4.2 Selective Offloading

Given edge predictions, the selective offloading mechanism uses uncertainty estimation to

decide whether a region should be sent to the cloud for refined detection. It comprises two

main components:

(i) uncertainty quantification using conformal prediction, and

(ii) an offloading decision policy based on ambiguity.
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4.2.1 Uncertainty Quantification Using Conformal Prediction

The edge model produces confidence scores Conf(bi) for each class per bounding box. These

scores are derived from internal prediction logic and are often poorly calibrated—particularly

under domain shift or limited model capacity. Therefore, this work employs conformal pre-

diction to compute a statistically principled uncertainty score, using a reference calibration

set.

A nonconformity score αb,c is defined for each bounding box b and predicted label c ∈ C:

αb,c = 1− Conf(b, c),

where Conf(b, c) = Pobj(b) · P (c | b).

Calibration uses labeled detections with known outcomes. For each detection (b, y), where

y is the ground-truth class:

αb,y = 1− Conf(b, y).

A threshold q̂ is determined as the α-quantile of these calibration scores. A prediction is

considered reliable if its nonconformity score is below q̂, which corresponds to a statistical

coverage of at least 1− α.

For a new bounding box b, a class c is included in the prediction set if αb,c ≤ q̂. If the

prediction set contains multiple classes, the detection is deemed uncertain and flagged for

cloud offloading.

The parameter α allows users to control the offloading behavior: lower α values increase

sensitivity to uncertainty (more offloading), while higher values relax this constraint (less

offloading).

4.2.2 Offloading Decision Policy

The offloading policy applies a simple rule: if the prediction set contains only one class, the

detection is accepted on the edge. If it contains multiple classes, the detection is considered

ambiguous and offloaded to the cloud for reclassification.

This rule ensures that cloud resources are used only for resolving uncertain cases, reducing
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cost without compromising accuracy.

4.2.3 Advantages of Conformal Prediction for Offloading

Conformal prediction offers several key advantages that make it well-suited for guiding of-

floading decisions in edge-cloud object detection.

First, it enables adaptive confidence estimation by leveraging a calibration set to assess

how unusual a prediction is, rather than relying on fixed softmax thresholds or uncalibrated

confidence scores. This dynamic behavior ensures that the system remains responsive to

variations in data and model performance.

Second, conformal prediction provides statistical guarantees about prediction reliability.

Unlike heuristic thresholds, which offer no formal assurance of correctness, conformal scores

quantify uncertainty in a principled and distribution-free manner. This ensures that only

those detections likely to be incorrect are offloaded to the cloud.

Finally, conformal prediction supports user-controlled trade-offs between accuracy and

resource usage. The offloading threshold α serves as a tunable parameter that allows users to

specify their tolerance for uncertainty. Lowering this threshold favors accuracy by offloading

more predictions to the cloud, while increasing it prioritizes cost savings by keeping more

processing local to the edge device.

18



5 Optimization: Image Stitching

5.1 Motivation

Offloading individual bounding boxes to the cloud can be expensive and inefficient. Cloud-

based object detection services, such as Google Vision API, Amazon Rekognition, and Mi-

crosoft Azure AI Vision, charge per image rather than by image size. This implies that

sending multiple small images incurs significantly higher costs compared to processing a sin-

gle, larger image. After initial detection by the local model, multiple uncertain bounding

boxes from the same image may be flagged for offloading. If each bounding box is transmit-

ted as a separate image, cloud costs increase significantly, even though fewer total pixels are

offloaded.

Even for organizations operating their own object detection models on cloud servers,

processing multiple smaller images instead of a single combined image results in greater

computational overhead due to high initialization costs. Experimental observations demon-

strate that processing multiple small images takes significantly longer than running inference

on a single, larger image.

To address these issues, a Packing-Based Image Stitching (PBIS) method is proposed that

combines multiple flagged regions from the same or different images into a single composite

image before offloading, thereby reducing both cloud costs and computational overhead.

5.2 Approach

A straightforward approach is to arrange the bounding boxes in a uniform grid. Although

this simplifies the packing process, it introduces a significant drawback: the images must

be resized to fit the grid structure. This resizing often results in a loss of resolution, which
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negatively impacts object detection performance. Preliminary experiments show that reduc-

ing image resolution adversely affects object detection performance, as models struggle to

accurately identify and localize small objects when their features become indistinct due to

downscaling.

To mitigate this issue, the approach avoids the constraints of a rigid grid layout. Instead,

it aims to preserve the native resolution of bounding boxes while efficiently utilizing space

within each packed image. Input images are sequentially processed, and bounding boxes are

extracted one by one. Bounding boxes are collected in order until a predefined maximum

number per packed image, denoted as k, is reached. The parameter k is configurable, allowing

flexibility based on system requirements and resource constraints.

By maximizing the use of image real estate and preserving original resolution, the number

of images offloaded is reduced while retaining object detection precision, particularly for small

objects that are sensitive to resolution changes.

(a) Grid-based packing: uniform layout causes
resolution loss.

(b) 2D rectangular packing: preserves detail for
better detection.

Figure 5.1: Comparison of packing strategies before offloading: Both images show how
uncertain regions are arranged prior to being sent to the cloud. The grid-based approach
resizes bounding boxes to fit into a uniform layout, causing resolution loss. In contrast,
2D rectangular packing preserves detail by optimizing space without resizing, improving the
likelihood of accurate cloud detection.
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5.2.1 Constraint Handling and Packing Optimization

The packing task is formalized as a constrained two-dimensional (2D) bin packing problem, a

classical NP-hard optimization problem [80]. Numerous variations of this problem have been

studied, and in this work, we propose a novel variant tailored to our specific requirements.

Given a set of bounding boxes B = {b1, b2, . . . , bn}, where each bi is a rectangle defined by

its width wi and height hi, the goal is to arrange a subset of these boxes into a single packed

image of fixed dimensions W ×H such that:

1. No two boxes overlap: ∀i ̸= j, bi ∩ bj = ∅,

2. Each box is placed entirely within the packed image: xi + wi ≤ W and yi + hi ≤ H,

3. the boxes can not be rotated

4. The packed image size, W ×H, is minimized,

5. The packed image dimensions align with the input size required by the cloud model

Given the fifth constraint, the packed image is assumed to be square (i.e., W = H), as

all models require input images with a 1:1 aspect ratio.

Given its NP-hardness, the proposed optimal solutions for this problem is computation-

ally intensive and not suitable for our setting. To address this, we propose an efficient

heuristic that combines a binary search over packed image sizes with a MaxRects-based

packing strategy [81] using the Best Short Side Fit (BSSF) placement heuristic.

To define the search space, our Packing-Based Image Stitching (PBIS) algorithm 1

computes the smallest possible packed image side length Smin as the largest width or height

of any input bounding box, ensuring feasibility. The upper bound Smax is set as the greater

of the total widths or total heights of all bounding boxes (lines 1–3):

Smin = max
ri∈R

(max(wi, hi), Smax = max

(
n∑

i=1

wi,
n∑

i=1

hi

)

A binary search is then performed between these bounds (Lines 4–11). For each candidate

size S, the algorithm invokes the TryPack subroutine to check if all boxes can be packed
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without overlap (Line 6). If successful, the upper bound is reduced; otherwise, the lower

bound is increased. This continues until the minimal feasible size is found, which is returned

as S∗ (Line 12).

The TryPack function (Lines 14–29) attempts to pack all bounding boxes into an S×S

canvas. It maintains a list of free regions F and iteratively places the best-fitting bounding

box from the unplaced list U . For each placement (Lines 18–24), it selects the bounding

box–position pair with the minimal leftover space, using a greedy strategy that minimizes

packing fragmentation. If no placement is possible, it returns false (Line 26).

When a box is placed, it breaks the region in multiple region(splitting). Then if among

all regions, a region completely contains another that region is pruned out of F (Line 36).

Upon successful placement of all boxes, it returns true (Line 39).

This packing algorithm is an essential part of the selective offloading framework. By

minimizing the stitched image size while respecting object boundaries, it reduces the number

of required cloud API calls while keeping the image resolutions high after resizing done by

the cloud model.

The proposed packing algorithm does not offer probabilistic or statistical guarantees of

optimality. This is primarily due to the inherent complexity of the 2D bin packing prob-

lem, which is NP-hard. Despite extensive research over the past decades, exact methods

such as Integer Linear Programming (ILP), Dantzig–Wolfe decomposition, delayed column

generation, and branch-and-price remain computationally intensive—often requiring several

seconds to process a single image, which is impractical for deployment on edge devices

[82, 83].

Although there exist approximation algorithms with formal performance guarantees (e.g.,

ensuring the solution cost is within a factor α of the optimum), such as Next Fit Decreasing

Height, shelf-based methods, and Harmonic algorithms, these typically exhibit high approxi-

mation ratios (e.g., α between 2 and 3) [84, 85, 86] and are still slower in practice. In contrast,

the MaxRects algorithm with Best Short Side Fit (BSSF), which we adopt, performs better

on average and offers a favorable balance between speed and packing efficiency.[81]

Crucially, our framework does not require exact or bounded-optimal solutions and small

packing inefficiencies have minimal impact on overall system performance. Instead, fast

22



Algorithm 1 Packing-Based Image Stitching (PBIS)

Require: Bounding boxes B = {b1, . . . , bn}, where each bi has width wi, and height hi

Ensure: Minimum packed image size S∗ that fits all bounding boxes
1: Smin ← maxi(max(wi, hi));
2: Smax ← max (

∑n
i=1 wi,

∑n
i=1 hi);

3: low ← Smin, high← Smax;
4: while low < high do
5: mid← ⌊(low + high)/2⌋;
6: success ← TryPack(R, S = mid);
7: if success then
8: high← mid;
9: else
10: low ← mid+ 1;
11: end if
12: end while
13: S∗ ← low;
14: return S∗;

15: function TryPack(R, S)
16: F ← {(0, 0, S, S)}; ▷ Free space list
17: U ← R; ▷ Unplaced rectangles
18: while U ̸= ∅ do
19: bestScore←∞, bestRect← None, bestPos← None;
20: for each ri ∈ U do
21: for each fj ∈ F do
22: if ri fits in fj then
23: Compute leftover width ℓw and height ℓh;
24: score← min(ℓw, ℓh);
25: if score < bestScore then
26: bestScore← score;
27: bestRect← ri, bestPos← position in fj;
28: end if
29: end if
30: end for
31: end for
32: if bestRect = None then
33: return false; ▷ Failed to pack all rectangles
34: end if
35: Place bestRect at bestPos;
36: Update F using MAXRECTS splitting and pruning;
37: Remove bestRect from U ;
38: end while
39: return true; ▷ All rectangles successfully packed
40: end function
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execution is essential, and our heuristic strategy fulfills that requirement effectively.
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6 Experiments

This chapter presents a validation of the proposed method through extensive experiments.

The experimental setting is discussed in Section 6.1, followed by an overview of the experi-

mental methodology in Section 6.2. Experimental results are then reported in Sections 6.3

to 6.5.

6.1 Experiment Settings

6.1.1 Datasets

Three popular object detection datasets are used in the evaluation, described as follows:

COCO (Common Objects in Context)1 [87]: A large-scale dataset with over 330,000

images and 80 object categories. It features diverse scenes with multiple objects, varying

object sizes, and complex occlusions, making it a comprehensive testbed for detection models.

Pascal VOC2 [38]: A classic dataset containing annotated images for 20 object classes

with relatively clean backgrounds and fewer occlusions compared to COCO. It provides a

controlled environment to measure model performance on simpler scenes.

Open Images V7 - Simplified (OIV7-S)3[22]: A simplified version of the Open

Images V7 dataset4 is derived by selecting a manageable subset of the data and reducing

class granularity. Many classes are merged based on visual similarity, and less frequent or

ambiguous classes are removed. This simplification is necessary due to the complexity and

1https://cocodataset.org/#download

2http://host.robots.ox.ac.uk/pascal/VOC/

3https://anonymous.4open.science/r/SelectiveOffloading/

4https://storage.googleapis.com/openimages/web/index.html
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scale of the original dataset, which proved challenging for the small YOLOv5n model. The

resulting OIV7-S maintains semantic richness while enabling effective benchmarking on edge

models.

6.1.2 Object Detection Models

As discussed in Section 3.3, the proposed method is model-agnostic and can be integrated

with any pair of edge-cloud models, provided that the cloud model demonstrates higher

precision than the edge model. To illustrate this, YOLOv5n is adopted as the edge model,

as it is a highly compact object detector suitable for real-time deployment on edge devices

with limited computational resources. In contrast, YOLOv11x is used as the cloud model,

representing a large-scale model with significantly better performance, deployed on the cloud

server to provide refined predictions. The precision and recall of both models are listed in

Table 6.1.

Table 6.1: Precision and Recall on COCO dataset

Model Precision Recall
Edge Model 0.745 0.83
Cloud Model 0.855 0.935

6.1.3 Baselines

To assess the effectiveness of the proposed method, five main baselines are used for compar-

ison, detailed as follows:

Full Edge/Cloud: With the edge and cloud models, a straightforward approach is to

apply object detection for all images either on the edge or on the cloud, denoted as Full

Edge (FE) and Full Cloud (FC).

Selective Offloading Methods: Two variants of the selective offloading method are

implemented: SO-P, which includes both the conformal prediction (Chapter 4) and the

packing algorithm (Chapter 5); and SO-NP, which includes only the conformal prediction

without the packing algorithm.
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Random Offloading Methods: In this baseline, random sampling is used instead of

conformal prediction to select the same number of bounding boxes as in selective offloading,

and these are sent to the cloud without the packing algorithm. Similar to selective offloading,

three variants of this method are included: RO-P, which applies random offloading with

the packing algorithm; and RO-NP, which applies random offloading without the packing

algorithm.

We did not include certain other baselines, such as Focus[46], and NoScopeP [44] because

our framework is designed to be general-purpose and does not rely on video-specific opti-

mizations. Additionally, some other works like Tahoma [42], and VStore [43] use separate

stages for digestion and querying which is at odds with our unified, end-to-end design. Our

framework is built to work seamlessly across both image and video, whether in real-time

or offline settings. Including such baselines would compromise the generality we aim to

preserve.

6.1.4 Implementation and Default Parameters

Table 6.2: Default Parameters

Parameter Value
Confidence threshold for the edge model, Cthresh 0.2
Conformal prediction threshold, α 0.2
Maximum bounding boxes per packed image, m 9
Packing grid size, W ×H 3× 3
IoU threshold for evaluation, IoUt 0.5

The algorithm is implemented in Python5, and the default parameters are listed in Ta-

ble 6.2.

5The code is available at https://anonymous.4open.science/r/SelectiveOffloading/

27

https://anonymous.4open.science/r/SelectiveOffloading/


6.2 Evaluation Methodology

6.2.1 Evaluation Metrics

To evaluate the performance of different methods, precision and recall are used, as defined

in Section 3.1. For the methods involving both edge and cloud models, the final precision

and recall are computed by aggregating results from both edge and cloud detection.

Additionally, offloading cost is considered, as discussed in Section 3.3. A simple cost

model is adopted in the experiments, which is computed as the number of images sent to

the cloud (i.e., the number of cloud API calls).

6.2.2 Evaluation Objectives

The goals of the experiments are to (a) validate that the method can significantly reduce

cloud usage while maintaining high detection performance, and (b) demonstrate that the

cost of invoking the cloud model can be controlled with a user-provided parameter.

6.3 Main Result

Overall Result. The results for all methods are shown in Figures 6.1 and 6.2, while the

result on OIV7-S dataset shows a similar trend and is omitted for brevity. Take Figure 6.2a

as an example, where the position of each method is located by the recall value and offloading

cost it produced. As can be observed, the full edge (FE) method is located at the bottom-

left corner, meaning that it has the least precision (0.61) and the least cost (0), while the

full cloud (FC) method is located at the top-right corner, depicting that it has the highest

precision (0.76) yet also requires the highest cost (over 800 API calls). Preferred methods are

located on the top-left portion of the figure, which means improved precision compared with

the full edge method, while having reduced cost compared with the full cloud method. As

can be observed, the proposed method falls into such an area, over-performing any existing

baselines. Specifically, it achieves 0.635 precision while calling the API less than 100 times,

which is over 8 times cheaper than the full cloud approach.

Figure 6.2b presents a similar comparison, this time focusing on recall instead of precision.
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As with the previous figure, the x-axis shows the offloading cost in terms of API calls, and

the y-axis represents the recall achieved by each method. The full edge method is again

positioned in the bottom-left corner with the lowest recall (0.79) and zero cost. In contrast,

the full cloud method achieves the highest recall (0.96) but at the cost of over 800 API

calls. The aim remains to identify methods in the top-left area of the plot—those that

achieve significantly higher recall than full edge while remaining much more efficient than

full cloud. The proposed method successfully occupies this desired region, attaining a recall

of approximately 0.83, which is 4 out of the 17 percentage points available to gain over the

full edge approach, while using fewer than 100 API calls, making it more than 8 times cheaper

than the full cloud baseline. This further demonstrates the effectiveness of the method in

maintaining strong performance while significantly reducing computational cost.
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Figure 6.1: Different methods on COCO dataset

Varying Offloading Strategies. Selective Offloading is compared with Random Of-

floading. When the packing algorithm is employed, Selective Offloading (SO-P) consistently

achieves higher precision than Random Offloading (RO-P), as observed in Figures 6.1a and

6.2a. Similar trends are also evident in recall, as shown in Figures 6.1b and 6.2b. Overall,

Random Sampling methods provide only a minor improvement over the edge-only baseline,

whereas Selective Offloading yields substantial gains. This highlights that performance im-

provement is not solely due to offloading, but also to the informed selection of bounding

boxes.

Impact of Packing. As can be consistently observed from Figures 6.1 and 6.2, with a

29



0 200 400 600 800
Offloading Cost (API Calls)

0.600

0.625

0.650

0.675

0.700
Pr

ec
isi

on
FE
SO-P
SO-NP
RO-P

RO-NP
FC
FE-FC Line

(a) Precision

0 200 400 600 800
Offloading Cost (API Calls)

0.80

0.85

0.90

0.95

Re
ca

ll

FE
SO-P
SO-NP
RO-P

RO-NP
FC
FE-FC Line

(b) Recall

Figure 6.2: Different methods on VOC dataset

similar level of precision and recall, the packing algorithm provides significant savings over

the offloading costs by amortizing the cost across multiple bounding boxes, demonstrating

superior performance.

6.4 Impact of Parameter Settings

The sensitivity of the framework to several key parameters is analyzed below.

6.4.1 Confidence Threshold on the Edge Model

The confidence threshold on the edge model, Cthresh, determines which detections are retained

for further processing. A low threshold increases recall by allowing more detections, but often

at the expense of precision due to noisy predictions. Conversely, a high threshold filters out

low-confidence detections, increasing precision but reducing recall.

Figure 6.3 shows the impact of varying the confidence threshold on precision and recall.

The x-axis represents the confidence threshold, while the y-axis shows the value of the

corresponding metrics. As the threshold increases, recall drops steadily from close to 1 at

very low thresholds to nearly 0 at the highest threshold. This trend indicates that lower

thresholds favor recall, capturing more true positives but at the cost of lower precision.

Conversely, precision consistently improves with higher thresholds, reaching 1.0 near the top

end, as predictions become more conservative and selective.
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This figure highlights the trade-off between precision and recall as the confidence thresh-

old changes, and emphasizes the importance of selecting an appropriate threshold to balance

these metrics based on application requirements.
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Figure 6.3: Varying Cthresh on VOC dataset

6.4.2 Conformal Prediction Threshold (α)

The parameter α in conformal prediction defines the statistical confidence level for detecting

uncertainty. Lower values of α correspond to stricter uncertainty estimates, flagging more

detections as uncertain. By choosing the right α, users can choose the trade-off between

performance and cost.

Figure 6.4 shows that offloading cost shrinks significantly with increasing α, indicating

a direct control mechanism over cloud usage. Empirically, α ∈ [0.18, 0.22] offers the best

cost-performance tradeoff across datasets.

6.4.3 Offloading Cost vs. Performance

As shown in Figure 6.5, increasing the number of cloud API calls improves recall and pre-

cision. However, this improvement plateaus beyond a certain point, showing diminishing
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Figure 6.4: α vs Offloading Cost

returns. This observation supports the hypothesis that a small amount of selective offload-

ing yields most of the precision benefits of full cloud processing.
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Figure 6.5: Offloading Cost vs Performance (VOC Dataset)

6.4.4 Packing Granularity

The effect of varying the maximum number of bounding boxes per packed image (m) on

both detection performance and cost is shown in Figure 6.6. As the number of bounding

boxes increases, both precision and recall exhibit a gradual decline due to reduced spatial
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context and resolution available for each region, which negatively impacts detection quality.

In contrast, the offloading cost drops significantly, as more regions are processed in a single

cloud API call. After a certain point, the performance approaches that of the full edge

method, as the benefits of cloud inference diminish with overly dense packing (see Figure 6.7).

The relatively shallow decline in detection quality compared to the exponential reduction in

cost suggests that bounding box packing is an effective strategy for achieving cost-efficient

inference.

Allowing 4–9 boxes per packed image was found to be an effective compromise across all

datasets.

6.5 Summary

From the above experiments, several key observations can be made: (a) The proposed method

achieves approximately 80–90% of the performance of full cloud inference while using only

10–20% of the offloading cost compared to the full cloud model. (b) The Selective Offloading

method consistently outperforms Random Offloading across all evaluation metrics. (c) The

packing strategy significantly reduces the number of API calls and enhances scalability with-

out compromising precision and recall. (d) The combination of uncertainty estimation and

packing provides a robust and cost-effective solution for edge-cloud collaborative inference.
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7 Conclusion and Future Work

7.1 Summary of Findings

In this thesis, a selective cloud offloading framework was proposed for accurate and cost-

efficient object detection on resource-constrained edge devices. By leveraging conformal

prediction to estimate prediction uncertainty and introducing a packing-based optimiza-

tion strategy, the framework intelligently determines both what and how to offload to the

cloud. This significantly reduces bandwidth usage and monetary costs without compro-

mising detection accuracy, making the solution suitable for deployment in latency-sensitive

and bandwidth-constrained environments such as agriculture, smart surveillance, and mobile

assistive technologies.

The key contributions of this work are:

• A selective cloud offloading strategy based on conformal prediction to assess un-

certainty in object detection, allowing for informed and cost-efficient offloading.

• A packing-based optimization technique that groups multiple uncertain image

regions into single packed images to minimize cloud API calls and associated costs.

• A user-configurable trade-off mechanism enabling developers to balance accuracy

and cost according to specific application requirements.

• A comprehensive experimental evaluation across three real-world datasets, demon-

strating that the proposed method achieves ubstantial accuracy improvements with

significantly less data compared to existing approaches.
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7.2 Future Work

While this thesis demonstrates a promising approach for efficient and accurate edge-cloud

object detection, several avenues exist to further extend and enhance the system:

7.2.1 Advanced System Optimization

• Context-aware offloading: Incorporating runtime environmental factors such as net-

work bandwidth, cloud queue time, or pricing models to make dynamic, cost-effective

offloading decisions.

• Enhanced uncertainty modeling: Combining conformal prediction with other uncer-

tainty estimation techniques (e.g. temperature scaling) to improve robustness under

domain shift and in low-data scenarios.

• Smarter region packing: Developing packing algorithms that consider semantic similar-

ity or visual coherence to co-locate contextually related objects, potentially improving

cloud detection performance.

7.2.2 Real-World Validation and Deployment

• Agricultural monitoring: Field trials for detecting diseases or pests in crops using

drones or smartphones.

• Smart surveillance: Application in low-bandwidth security camera systems in rural or

infrastructure-constrained environments.

• Assistive technologies: Deployment on mobile or wearable platforms for visually im-

paired users.

These use cases will help evaluate latency, energy consumption, and deployment com-

plexity in practical settings.
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7.2.3 Scalability and Interoperability

• Multi-device coordination: Enabling distributed offloading across a network of edge

nodes (e.g., drones or sensors) with shared resources and collaborative bandwidth

management.

• Model-agnostic integration: Extending compatibility with a variety of object detectors

and commercial cloud APIs to enhance system generality and ease of adoption.

In summary, this thesis lays the foundation for an intelligent, adaptive object detection

framework that is practical for real-world, resource-constrained environments. Continued im-

provements in uncertainty estimation, system-level integration, and domain-specific testing

will further strengthen the viability and impact of selective cloud offloading.
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