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Abstract

Deploying object detection models for resource-constrained remote sensing applications necessitates on-board model inference
capabilities. While Field Programmable Gate Arrays (FPGAs) offer massive parallelism as energy-efficient hardware platforms,
model quantization remains essential to further balance computational efficiency with detection accuracy. Compared to post-training
quantization methods that involve multiple-stage development with consistent dependency on domain datasets, quantization-aware
training (QAT) integrates quantization constraints into training, providing a simpler pipeline for model compression. However, QAT
introduces quantization errors to which smaller objects are more vulnerable. To address this issue, we propose object-scale-aware
(OSA) regularization that amplifies quantization error penalties for smaller targets. Our approach is validated through two case
studies: bird detection at airports and aerial-view building detection. We perform 8-bit QAT on YOLOX series models using the
MVA2023 dataset and the Bavarian Building Dataset for the respective studies. Our method achieves up to 50.2 times inference
acceleration with minimal accuracy loss on Xilinx Kria KV260 FPGAs compared to full-precision models. The ablation study and

detection examples further demonstrate the effectiveness of OSA regularization in small object detection.

1. Introduction

Object detection is a fundamental computer vision task that
locates and classifies instances of interest in images or videos
(Zou et al., 2023), playing a pivotal role in geoscience and re-
mote sensing applications, such as monitoring, planning, dis-
aster mapping, and resource management (Chen et al., 2021,
Wang et al., 2022, Wu et al., 2022, [jaz et al., 2023, Caricchio
et al., 2025). Recent advancements in deep learning have yiel-
ded object detection models pre-trained on large-scale image
datasets, e.g., COCO (Lin et al., 2014) and Objects365 (Shao
et al., 2019), which possess robust and comprehensive under-
standing of visual patterns and serve as dependable foundations
for subsequent task-specific adaptations (Girshick, 2015, Ge et
al., 2021). With the increasing availability of annotated remote
sensing and earth observation imagery (Werner et al., 2023, Li
et al., 2025), many approaches tailor pre-trained models regard-
ing data modality adaptation and feature transfer (Macias et al.,
2022, Yan et al., 2022, Nie et al., 2024, Qi et al., 2024, Caric-
chio et al., 2025), achieving superior object detection capabil-
ities in corresponding tasks without the computational costs of
training models from scratch (Girshick, 2015, Li et al., 2018).

However, many of these applications in practice are deployed
on hardware platforms operating in environments with limited
network connectivity and power supply, such as satellites and
aerial vehicles (Chen et al., 2021, Wu et al., 2022, Qi et al.,
2024), impeding stable communication with remote comput-
ing infrastructure. Therefore, it is imperative to redistribute
model inference computation from the cloud to local resource-
constrained edge devices (Li et al., 2020). In this context, model
efficiency represents a feasibility-critical requirement to ensure
fast on-board inference and circumvent reliance on networks,
which particularly benefits latency-sensitive remote sensing ap-
plications, such as disaster response (Wang et al., 2022, [jaz et
al., 2023, Li et al., 2025) and environmental monitoring (Luo
et al., 2023, Nie et al., 2024, Caricchio et al., 2025). Hence, a
holistic consideration across hardware platform selections and
model optimization strategies is essential (Deng et al., 2020).

Field-Programmable Gate Arrays (FPGAs) emerge as an ideal
deployment platform for superior on-board deep learning model
efficiency. An FPGA contains a large matrix of configurable
logic blocks interconnected via a programmable routing fabric,
enabling customizable circuit pipelines for parallelism during
model inference. This architecture aligns with the feed-forward
nature of deep learning models (Sze et al., 2017) and thus
achieves superior performance-per-watt compared to general-
purpose processors (Nguyen et al., 2020). Furthermore, its
reconfigurability offers flexibility for post-deployment refine-
ments and updates in situ, which is essential for remote sens-
ing applications, where diverse sensor modalities and varying
computational workloads demand adaptive processing architec-
tures. Given these synergistic advantages, FPGAs have become
a competitive platform for model inference acceleration (Xu et
al., 2022, Macias et al., 2022, Nechi et al., 2023). We therefore
adopt FPGAs as the deployment targets in this study.

Beyond hardware selection, model optimization can further en-
hance on-board inference efficiency for deploying models in
resource-constrained environments. Quantization is a univer-
sal model compression technique that reduces the precision of
model weights and activations, e.g., from 32-bit floating-point
numbers to 8-bit integers, thereby reducing power consump-
tion and memory usage (Horowitz, 2014, Han et al., 2016).
While post-training quantization (PTQ) is widely adopted, it re-
quires domain datasets throughout the entire development pro-
cess, typically including domain adaptation, calibration, and
potential fine-tuning (Wei et al., 2021, Zhang et al., 2022), sig-
nificantly complicating model deployment and updates. In con-
trast, quantization-aware training (QAT) incorporates quantiz-
ation constraints directly into the training procedure, requir-
ing domain datasets only once to produce the final deployable
domain-adapted quantized model, thereby establishing a fairly
more streamlined development routine (Jacob et al., 2018).

Motivated by the succinctness of QAT, this study investigates its
application to object detection tasks. Through signal-to-noise
ratio analysis, we demonstrate that QAT induces quantization
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errors inversely proportional to object scale, leading to larger
quantization noise for smaller targets. This poses a substantial
challenge for remote sensing and earth observation tasks, where
small objects dominate detection targets, potentially degrading
detection performance despite computational efficiency gains.
To address this challenge, this paper proposes a QAT-integrated
development pipeline with object-scale-aware (OSA) regulariz-
ation that penalizes quantization errors for smaller objects more
heavily during training. This regularization term is increment-
ally added to the detection loss function during QAT to facilitate
convergence and ensure detection accuracy.

The proposed method is validated through two case studies: (1)
bird detection for bird strike prevention at airports; (2) aerial-
view building detection. Both studies employ YOLOX series
models (Redmon et al., 2016, Ge et al., 2021) pre-trained on
the COCO dataset (Lin et al., 2014) as foundations to perform
QAT with OSA regularization. Specifically, single-precision
floating-point (FP32) model weights and activations are quant-
ized to 8-bit integers (INT8) and fine-tuned using the Bav-
aria Building Dataset (BBD) (Werner et al., 2023) and the
MVA2023 small-bird detection dataset (Kondo et al., 2023) for
the two studies, respectively. Models are deployed on Xilinx
Kria KV260 FPGAs for evaluation. Empirical results illustrate
that our method achieves up to 50.2x acceleration for end-to-
end inference with negligible performance degradation com-
pared to full-precision counterparts. The ablation study further
demonstrates the effectiveness of OSA regularization in mitig-
ating quantization noise for small objects in QAT pipelines'.

2. Related Work
2.1 Object Detection Models

Object detection simultaneously localizes and classifies mul-
tiple objects in input vision data, producing bounding boxes
along with associated class labels and confidence scores (Zou
et al., 2023). A fundamental challenge in object detection is
handling objects at vastly different scales within the same im-
age. Feature Pyramid Networks (FPN) address this challenge
by extracting a pyramidal hierarchy of feature maps with lat-
eral connections (Lin et al., 2017), enabling models to detect
objects across diverse scales, from small targets captured in
high-resolution feature layers to large objects represented in
low-resolution layers. The notation P}, is generally utilized to
denote a specific feature map level in the pyramid, where the
corresponding spatial downsampling stride s = 2k, resulting
in feature maps of 1/s input size. The FPN architecture yields
multiscale representations that have proven particularly effect-
ive for remote sensing applications, where objects exhibit sub-
stantial scale variations (Wu et al., 2022, Qi et al., 2024).

In addition to effective feature extraction by FPN, model effi-
ciency constitutes another criterion for model selection in this
study. Modern object detection models can be broadly categor-
ized into one-stage and two-stage detectors (Zou et al., 2023).
We prioritize one-stage detectors that perform detection in a
single forward pass (Girshick et al., 2014), avoiding the com-
putational overhead of the separate region proposal and classi-
fication stages required by two-stage methods, which is essen-
tial for remote sensing applications demanding on-board model
inference efficiency to satisfy stringent latency requirements
(Martone et al., 2019, Wei et al., 2021, Zhang et al., 2022).

! The code is available at https://github.com/tum-bgd/QATDet.
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Figure 1. Comparison of development paradigms between
post-training quantization and quantization-aware training.

The above analysis motivates us to select one-stage, FPN-based
object detection architectures for development, with the iconic
YOLOX series models (Ge et al., 2021) chosen as our imple-
mentation foundation. YOLOX models are developed based on
conventional YOLO models in an anchor-free fashion that try
to detect key/center points and estimate sizes rather than fitting
into pre-defined anchor boxes (Redmon et al., 2016, Law and
Deng, 2018). Such flexibility is particularly beneficial for re-
mote sensing imagery with targets of arbitrary scale and aspect
ratio (Tian et al., 2019). Given the on-board efficiency con-
cerns addressed in this paper, we consider two light variants,
YOLOX-Nano and YOLOX-Tiny, with 0.91 and 5.06 million
parameters, respectively. Despite their lightweight design, ex-
periments reveal that direct deployment of these compact mod-
els onto FPGAs for high-resolution remote sensing imagery,
e.g., 4K resolution (2176x3840 pixels), results in inference
latencies exceeding 20 seconds per frame, rendering them un-
suitable for real-time applications. This observation under-
scores that model compression remains essential even for in-
herently small models for remote sensing applications in edge
environments with latency requirements and high-resolution in-
puts, which reflects the motivation of this paper.

2.2 Model Quantization

Quantization reduces the numerical precision of model para-
meters and activations from higher-bit to lower-bit representa-
tions, thereby compressing model size and accelerating infer-
ence (Han et al., 2016, Jacob et al., 2018). Post-training quant-
ization (PTQ) and quantization-aware training (QAT) are two
predominant paradigms for model quantization. PTQ methods
quantize models through statistical calibration on a small subset
of training data (Krishnamoorthi, 2018, Wei et al., 2021). While
seemingly computationally efficient, PTQ often suffers from
accuracy degradation, as the quantization process lacks gradi-
ent feedback to compensate for discretization errors (Wang et
al., 2019, Zhang et al., 2022). Meanwhile, selecting repres-
entative samples for calibration remains non-trivial and com-
putationally expensive. Consequently, a fine-tuning step after
calibration is typically essential to recover accuracy, yielding a
conventional PTQ development routine comprising three steps
as depicted in the left of Figure 1: (1) domain adaptation with
potential data modality alignment, (2) quantization through cal-
ibration, (3) fine-tuning quantized models for accuracy restor-
ation. Throughout the entire development process, the domain
dataset is required by all three steps. This consistent domain
data dependency significantly complicates model deployment.
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Figure 2. The QAT procedure for a given layer [, which contains
layer operations (op.), e.g., convolution, and activation (act.).

In contrast, QAT simulates quantization effects during training
by incorporating fake quantization operations in the forward
pass while maintaining full-precision gradients in the backward
pass to enable models to adapt their parameters to quantiz-
ation constraints (Jacob et al., 2018, Krishnamoorthi, 2018).
This gradient-guided adaptation enables QAT to achieve super-
ior accuracy compared to PTQ, at the cost of increased train-
ing time. For domain adaptation scenarios where task-specific
fine-tuning is required, QAT naturally integrates quantization
into the adaptation process, producing deployment-ready quant-
ized models in a single training phase, as illustrated in the
right of Figure 1. Therefore, this paper employs QAT pipelines
for development. However, as demonstrated in subsection 3.2,
QAT introduces quantization errors in which smaller objects are
more vulnerable, which motivates us to propose OSA regular-
ization to address this issue as elaborated in subsection 3.3.

3. Methodology

This section elaborates on QAT principles and demonstrates
that quantization error impedes small-scale object detection,
which can be mitigated by the proposed OSA regularization.

3.1 Quantization-Aware Training

Integrating quantization into training requires full-precision
model weights to be quantized for forward passes to simulate
the resulting quantized model and measure the corresponding
loss for backpropagation. This process impels models to learn
parameters that are robust to the effects of discretization. Spe-
cifically, given a full-precision weight vector w, its quantized
version W is calculated by the quantization function Q(-):

clip(w,a, ) — a

vAv:Q(wJ)):L A +0.5J~A+a, (1)

where b is the target bit width, clip(-, «, 3) is a clipping function
ranging from a to 3, and A = (3 — a)/(2° — 1) is the step
size for the quantized value range [, 3]. The clipping function
ensures values are within range, while the |- + 0.5 operation
performs rounding to the nearest integer index before scaling
back by A. Notably, o and 3 are learnable parameters, allowing
the model to dynamically determine the optimal clipping range
for each layer during training. A similar quantization procedure
is also applied to activated feature maps fm.

The QAT procedure is visualized in Figure 2. During the for-
ward pass of layer [, full-precision weights w; are first mapped
to their quantized version w; through the weight quantization
function Q7" (+) to process the input fm;. The activated output
is subsequently quantized by the activation quantization func-
tion Q7 (-) to obtain the final output fm; 1, which serves as the

input of the layer [+ 1. In this manner, the forward pass can sim-
ulate the deployment scenario at the target reduced precision.
In contrast to the forward pass, backpropagation requires full-
precision gradients to update w; after loss calculation. How-
ever, the gradient of the loss £ with respect to w; is

oL AL dw, 9L AQ(wi,b)

ow;  ow; dw;  OQY (wy,b) ow;

2

where 0Q;(w;,b)/0w; = 0 almost everywhere, as Q(+) in-
volves non-differentiable operations, e.g., clipping and round-
ing. This means w; cannot be updated by conventional gradient
descent, and consequently, neither can w;.

To enable training, a common solution is to employ a straight-
through estimator (STE) (Bengio et al., 2013), which assumes
that 0Q;(wy,b)/0w; = 1, where 1 is an identity function.
In practice, we refine this approach by dynamically calibrating
gradients for layer-specific adaptation. Specifically, a learnable
scaling factor 6} (rather than a simple 1) is assigned to the
gradient of Q" (+), such that the effective gradient used for up-
dating the full-precision weights is dL/dw; = IL/OwW, - ).
Similarly, there are also 67 for Q7 (-). This layer-wise scaling
introduces more flexibility than 1 to facilitate convergence.

3.2 Quantization Error on Small Object Detection

Employing the above QAT pipeline allows us to obtain a de-
ployable quantized model in a single fine-tuning step using do-
main datasets. However, we find that the discretization inherent
in QAT introduces a scale-dependent quantization error. Con-
cretely, consider an object ob with area A,, represented by
N, pixels at a pyramid level with stride s in FPN, we have
A,y < s2N,,. For QAT using uniform quantization, the step
size A is fixed, leading to the quantization error being statist-
ically uniformly distributed in the range [—A/2, A/2]. Hence,
the power (variance) of this error pe is

2]_A2

pe:E[e 7ﬁ

3)
For the quantization range [, 8], where R = 8 — «, a quantizer
with a target bit width of b bits induces R ~ 2° - A. Assuming
a sinusoidal signal that spans the full range of [, 5], the signal
power ps is R? /8. We define the signal-to-quantization-error
ratio (SQER) for a pixel p in decibels (dB) based on the signal-
to-noise ratio formula as:

s R?/8
SQER, = 101logy, % = 101log, AT//IQ
R?/8 “)
~ 1010810 7275 590

= 6.02b + 1.76.

For an object ob represented by N,;, pixels, without loss of gen-
erality, we assume the quantization error for ob is averaged over
N, independent pixels. In this way, for each pixel, ps remains
the same, whereas p. is divided by a factor of N, (by law of
large numbers). Therefore, the per-pixel SQER for object 0b is

Ps
SQER,, = 10log;g ——~—
Q ob €10 pe/Nob (5)

A2 6.02b 4 1.76 + 101log; o Nop,
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which clearly demonstrates that smaller objects suffer more
from quantization error introduced by QAT, as fewer N, leads
to lower SQER given the same bit width b. In other words,
quantization acts as a scale-dependent filter that degrades the
representation quality for objects with a small spatial area. Con-
sidering the fact that small objects are the primary targets to de-
tect in most remote sensing and earth observation tasks, their
vulnerability to quantization error poses a fundamental barrier
to maintaining detection performance using QAT.

3.3 Object-Scale-Aware Regularization

To address the scale-dependent quantization vulnerability iden-
tified in Equation 5, we propose an object-scale-aware (OSA)
regularization term that dynamically adjusts the penalty for
quantization-induced representation distortion based on object
size. Drawing on knowledge distillation principles, we encour-
age the quantized student model to preserve feature similarity
with the full-precision teacher model, with emphasis on smal-
ler objects that exhibit lower SQER. Concretely, the standard
detection loss L is augmented as

L=Lut XY Y - ||FE - FE

PeP obeO

2

, o (6

where F} and FI are respective feature maps of ob extrac-
ted from the full-precision and quantized models at the pyramid
level P in the FPN, ||-||? denotes the Euclidean norm, P defines
the set of all selected P, O encompasses all objects in the cur-
rent mini-batch, and X controls the regularization strength. The
derived L serves as the loss function for QAT.

Scale-Dependent Weighting. The inverse weighting by object
area A,, implements our core insight: smaller objects receive
exponentially larger gradient contributions and thus stronger su-
pervision signals during backpropagation. The Euclidean norm
of feature map differences is weighted inversely by the true ob-
ject area A,y to prioritize optimization on smaller objects, as
a smaller A, derives a larger regularization value. This regu-
larization term dynamically adjusts according to A, thereby
making it object-scale-aware (OSA). For instance, an object
with A,, = 100 pixels receives 100x stronger regularization
than an object with A,, = 10,000 pixels. This design directly
counteracts the SQER degradation pattern in Equation 5, where
SQER decreases by 101og;y [Ny for smaller N,p.

Cosine-Scheduled Regularization Strength. To prevent ex-
cessively strong regularization from impeding convergence dur-
ing early training phases when the student quantized model
is still adapting to quantization constraints, we implement a
cosine-scheduled strength parameter:

Alt) = % (1 — cos <%t)> ™

where ¢ denotes the current training step, 7" represents the total
training steps, calculated as the product of the number of mini-
batches and training epochs, and Ay is the maximum regular-
ization strength. We set A\ = 0.2 in our experiments. This
schedule gradually increases regularization strength to enable
the model to establish reasonable quantized representations be-
fore strict feature alignment through OSA regularization.

Computational Overhead Considerations. Small objects are
typically detected on high-resolution, low-stride feature maps.

Therefore, it is sufficient to focus only on low pyramid levels by
restricting P = [P», P3] with s = 4 and s = 8, respectively, to
reduce overhead while maintaining effectiveness. Meanwhile,
since full-precision weights are maintained throughout QAT
for gradient computation (Jacob et al., 2018, Krishnamoorthi,
2018), as illustrated in Figure 2, calculating the Euclidean norm

between FHIZ and F'¥ introduces negligible computational over-
head, while the memory footprint also remains manageable as
P> and Ps feature maps constitute only a fraction of the total
feature pyramid hierarchy. Meanwhile, these additional costs
only occur during training. Hence, quantized models for de-
ployment require no additional computation during inference.

3.4 Model Deployment on FPGAs

FPGAs for Model Acceleration. On-board model efficiency
stems from not only software-level optimization by model
quantization, but also from effective utilization of hardware ac-
celeration. FPGAs provide substantial acceleration for model
inference through their inherently parallel architecture and cus-
tomizable computational pipelines. Unlike CPUs, which ex-
ecute instructions sequentially, or GPUs relying on single-
instruction multiple-data architectures with limited flexibility,
FPGAs enable the construction of customizable hardware ac-
celerators tailored to the computational graph of a particular
neural network. This customization allows for the instanti-
ation of numerous dedicated multiply-accumulate units, which
can be configured into optimized systolic arrays (Blaiech et al.,
2019). These arrays maximize data reuse through local, high-
bandwidth connections between processing elements, minim-
izing costly off-chip memory accesses and dramatically im-
proving throughput (Nechi et al., 2023). Furthermore, the re-
configurable nature of FPGAs permits layer-specific optimiza-
tions, such as custom dataflow patterns and precision-adaptive
arithmetic units, which collectively enable superior energy effi-
ciency and inference speed compared to other platforms, partic-
ularly for quantized models where reduced-precision arithmetic
can be fully exploited through hardware specialization.

Implementation. To leverage these architectural advantages
in our experiments, we employ the Vitis Al toolchain (Kathail,
2020) for model deployment on Xilinx Kria KV260 FPGAs.
The Vitis Al workflow begins with converting the quantized
models into the ONNX representation. The Vitis Al quant-
izer then validates and optimizes the quantization parameters
to ensure compatibility with the target FPGA architecture. Sub-
sequently, the Vitis Al compiler transforms the quantized model
into the xmodel format, i.e., a highly optimized binary repres-
entation designed for execution on Deep Learning Processing
Units (DPUs), which are programmable and optimized for con-
volutional neural networks on Xilinx FPGAs. During compil-
ation, the Vitis Al compiler performs extensive optimizations
including operator fusion, memory allocation strategies, and in-
struction scheduling, to maximize hardware utilization. The
resulting xmodel is then deployed on the FPGA, where the
DPU executes inference operations with direct access to on-
chip memory and optimized data movement patterns.

Synergy of QAT and FPGA Deployment. In this way, de-
ploying a quantized model on FPGA can further improve model
efficiency compared to relying solely on QAT. For instance,
quantizing a model from FP32 to INT8 yields quarter-sized data
representations for most operations, theoretically inducing up
to 4x and 16x throughput for memory/computation-bounded
layers, respectively. In practice, although the actual through-
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AP (%) Throughput
Model Type  @0.5:0.95 (FPS)
T1 16.91 0.050
YOLOX-Nano T2 16.02 ( ) 0.192 (3.8%x)
T3 16.02 ( ) 2.510(50.2x)
T1 21.15 0.010
YOLOX-Tiny T2 20.39 ( ) 0.041 (4.1x)

T3 20.39 ( ) 0.493 (49.3x)

Table 1. Detection performance and throughput comparison of
the Case Study 1: Bird detection at airports.

put gain is an observed measure that cannot be predicted pre-
cisely, the upper bound of less than 16X is evident. However,
our experimental results demonstrate that deploying quantized
models on FPGAs achieves up to 50.2x acceleration com-
pared to direct execution of full-precision models on FPGAs
without Vitis Al compilation, substantially exceeding theoret-
ical 4x/16x speedup through quantization alone. This gap un-
derscores that on-board model efficiency demands synergistic
optimization across both software and hardware levels. While
QAT effectively reduces computational load and memory foot-
print, FPGA deployment exploits these reductions through cus-
tomized parallel architectures and optimized dataflow patterns.

4. Case Studies

We present two real-world case studies to evaluate our ap-
proach. Both studies share the following experimental settings.

Model & Training. YOLOX-Nano and YOLOX-Tiny models
(Ge et al., 2021) are selected for domain adaptation via QAT,
with merely 0.91 and 5.06 million parameters, respectively. We
employ the model weights pre-trained on the COCO dataset
(Lin et al., 2014). All models employ stochastic gradient des-
cent with Nesterov momentum as the optimizer (Sutskever et
al., 2013). Models are trained for 70 epochs with 10-epoch war-
mup. Model weights and activations are quantized from FP32
to INT8. The learning rate is scheduled using cosine annealing
(Loshchilov and Hutter, 2017) with an initial value of 0.01. The
batch size is set to 8 due to high image resolution.

Evaluation. Models are deployed on Xilinx Kria KV260 FP-
GAs for evaluation. The detection performance is evaluated
using the standard metric AP@0.5:0.95, which is the average
precision across 10 intersection-over-union thresholds ranging
from 0.5 to 0.95 (Everingham et al., 2010, Lin et al., 2014).
Model efficiency is quantified by inference throughput, meas-
ured in frames per second (FPS). Performance comparisons are
conducted across the following three model types:

T1 Full-precision models (FP32): to serve as the baseline.

T2 Quantized models (INT8): to present the performance gain
attributed solely to model quantization.

T3 Compiled quantized models (xmodel): to assess the syn-
ergistic effect of QAT and FPGA-enabled acceleration.

Note that T2 and T3 employ identical quantized model weights,
differing only in deployment configuration. Hence, T2 and T3
would achieve identical detection performance, with through-
put differences attributable solely to hardware acceleration.

camera

PR 28 UESTEe

Figure 3. The bird detection demonstrator deployed at Airport
Oberpfaffenhofen, Germany, with detection examples. The case
is designed to accommodate the FPGA board with waterproof
sealing, power supply, cable management, and air cooling.

4.1 Case Study 1: Bird Detection at Airports

The first case study implements real-time bird detection on FP-
GAs deployed at airports for bird strike prevention. To evaluate
our method in a real-world scenario, we built a demonstrator as
shown in Figure 3 and deployed it at Airport Oberpfaffenhofen,
Germany. The FPGA board connects to an IP camera for video
streaming through the RTSP protocol (Schulzrinne et al., 1998).

Dataset. For domain adaptation, we utilize the MVA2023 small
bird detection dataset with 47,260 images for training and 9,759
images for validation (Kondo et al., 2023). All images are in 4K
resolution (2176 x 3840 pixels) where bird sizes are relatively
small, typically ranging from 20 to 200 pixels in width, which is
suitable to examine the effectiveness of the OSA regularization.

Results & Discussion. Table 1 presents detection performance
and throughput across three model types. Quantized YOLOX-
Nano (T2, T3) achieves 16.02% AP@0.5:0.95 with a 5.3% re-
lative performance degradation compared to the full-precision
T1. The compiled quantized model (T3) demonstrates 50.2 X
throughput acceleration relative to T1, substantially exceeding
the 3.8x speedup of T2. YOLOX-Tiny exhibits similar patterns,
where T2 and T3 achieve 20.39% AP@0.5:0.95 (3.6% degrada-
tion from T1), and T3 delivers 49.3 x acceleration, significantly
outperforming T2 (4.1 ) in throughput compared to T1.
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AP (%) Throughput
Model ype  @0.5:095 (EPS)

T1 21.38 0.071
YOLOX-Nano T2  20.15( ) 0281 (4.0%)

T3 20.15 ( ) 3.331(46.9x)

T1 30.02 0.013
YOLOX-Tiny T2  28.66( ) 0.047 (3.6%)

T3 28.66 ( ) 0.602 (46.3x)

Table 2. Detection performance and throughput comparison of
the Case Study 2: Aerial-view building detection.

These results reveal that quantization alone may be insufficient
to enhance throughput for latency-sensitive applications. This
case study is a representative example. While T2 achieves
approximately 4x throughput compared to T1, the resulting
throughput remains impractical. Merely 0.192/0.041 FPS for
YOLOX-Nano/Tiny means that processing a single 4K frame
requires roughly 5/24 seconds, rendering real-time bird track-
ing impossible and invalidating on-site deployment.

In comparison, benefiting from FPGA-specific optimizations,
e.g., custom dataflow, operator fusion, and parallel pipelines,
T3 achieves 2.510 FPS, demonstrating that hardware-software
co-optimization is not merely optional but essential for oper-
ational viability. This additional speedup beyond quantization
alone transforms an impractical system into an operational solu-
tion, enabling fast frame-by-frame analysis for tracking bird tra-
jectories. Therefore, effective edge deployment requires both
model compression and utilization of hardware acceleration
capabilities to unlock the full potential of edge platforms.

4.2 Case Study 2: Aerial-view Building Detection

The second case study addresses building detection from aer-
ial orthophotos, which presents distinct challenges compared to
bird detection in case study 1, including higher object density,
more diverse object scales, and complex urban backgrounds.

Dataset. We use the Bavaria Building dataset (BBD) (Werner et
al., 2023) for domain adaptation. BBD contains 18,205 ortho-
photos with a resolution of 40 cm and segmentation masks from
OpenStreetMap and governmental building footprints. Images
are cropped to 2496 x 2560 pixels for QAT and evaluation.

Results & Discussion. Similar to the bird detection case, res-
ults from Table 2 confirm that our QAT pipeline with OSA
regularization maintains consistent optimization patterns in di-
verse detection scenarios. The quantized YOLOX-Nano (T2,
T3) achieves 20.15% AP@0.5:0.95 with a 5.8 % relative degrad-
ation from T1. Despite this modest accuracy trade-off, T3 deliv-
ers 46.9x throughput improvement, reaching 3.331 FPS com-
pared to 0.071 FPS for T1. Similarly, YOLOX-Tiny (T2, T3)
demonstrates 28.66% AP@0.5:0.95 (4.5% degradation from
30.02%), while T3 achieves 46.3 x throughput compared to T1.

The higher absolute AP values compared to the bird detec-
tion case reflect the more favorable characteristics for detection
in orthophotos, where buildings present more regular patterns
with identical orientations (aerial view). Notably, acceleration
factors remain consistent across all experiments, indicating that
the optimization pipeline saturates the computational resources
on FPGAs and scales effectively regardless of model capacity.

Figure 4. Comparison of the ground truth (above) and detected
building footprints (below). Several small cabins in white
rectangles are newly detected and absent from the BBD.

Figure 4 depicts the ground truth and the detection result of
a sample image from BBD, revealing an additional benefit of
the OSA regularization: several small buildings absent from
the ground truth, highlighted in white rectangles, can be newly
identified. This is because the OSA regularization guides mod-
els to enhance their sensitivity to detect small objects that may
have been overlooked during dataset annotation. This capabil-
ity has practical implications for cadastral mapping and urban
planning, where exhaustive manual annotation is infeasible.

4.3 Ablation Study

For both case studies, we also perform QAT without the OSA
regularization to validate its effectiveness. Table 3 demonstrates
the critical contribution of OSA regularization to maintaining
detection accuracy during QAT. Without OSA regularization,
YOLOX-Nano experiences substantial performance degrada-
tion: 5.0% relative decrease for bird detection and 5.6% for
building detection. YOLOX-Tiny exhibits even greater sensitiv-
ity to quantization without OSA, with degradations of 5.9% and
7.1% for the respective tasks. The more pronounced impact on
YOLOX-Tiny suggests that larger models, despite their greater
capacity, require stronger supervision to maintain feature rep-
resentations under quantization constraints. The consistent per-
formance improvements across both architectures and datasets
validate that OSA regularization effectively addresses the scale-
dependent vulnerability identified in Equation 5, where the in-
verse area weighting 1/A,;, provides crucial gradient signals for
preserving small object representations during QAT.
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Model Setting ~ AP@0.5:0.95 (%)

Case study 1: bird detection at airports

YOLOX-Nano w/ OSA 16.02

w/o OSA 15.22 ( )
YOLOX-Tiny w/ OSA 20.39

w/o OSA 19.19 ( )

Case study 2: aerial-view building detection

VOLOX.Nano W/ OSA  20.15
w/o OSA  19.02 (5.6%)
YoLOX.Tiny "/ OSA  28.66
w/o OSA 26,63 (7.1%)

Table 3. Detection performance comparison among models (T2)
with (w/) and without (w/0) OSA regularization.

5. Conclusion

This paper addresses the challenge of compute-intensive object
detection model deployment in resource-constrained environ-
ments. Compared to PTQ, QAT provides a more succinct de-
velopment pipeline to compress models without multi-stage do-
main data dependencies. We demonstrate that QAT particularly
affects small object detection and propose OSA regularization
to mitigate this issue by dynamically prioritizing feature fidel-
ity for smaller objects during training. Experimental results
from two case studies illustrate that our method can signific-
antly accelerate object detection model execution on FPGAs
with minimal detection performance degradation compared to
full-precision counterparts, establishing a concise and effect-
ive model deployment workflow for object detection tasks in
geoscience and remote sensing applications.

These findings establish QAT with OSA regularization as a
practical pathway for edge deployment of object detection mod-
els, particularly for remote sensing applications where small
object prevalence and computational constraints coincide. Fu-
ture work could explore adaptive mixed-precision quantiza-
tion schemes that dynamically adjust bit-widths based on ob-
ject scale distributions, potentially achieving superior accuracy-
efficiency trade-offs for heterogeneous detection scenarios.
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