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Abstract

Real-time monitoring of endangered birds on edge Al hardware is constrained by a struc-
tural mismatch between modern lightweight detectors and mainstream NPU deployment
toolchains. Recent attention-based detectors rely heavily on dynamic-shape operators that
fall back to the host CPU on embedded NPUs, negating the advantages of lightweight archi-
tectures. To address this, we propose eBirdNet-Nano, a 1.05 M-parameter detector derived
from YOLOv12n through a three-level NPU-friendly redesign: a static NPUConv block at
the operator level, an NPU-C3k2 module together with an NPU-SE-Block at the module
level, and a balanced 64-channel detection head at the head level. The resulting model
achieves a 59% parameter reduction over YOLOv12n at only 5.8 GFLOPs while attaining
an mAP@0.5 of 0.929 on a curated 24-species endangered-bird dataset collected in Macao.
We further evaluate the model across four heterogeneous edge platforms—the Rockchip
RK3588 (ARM + NPU), Kendryte K230 (RISC-V + KPU), Raspberry Pi 4B (pure ARM), and
LicheePi 4A (pure RISC-V)—to characterize its behavior under distinct execution models.
On the RK3588 NPU under INT8 quantization, eBirdNet-Nano delivers 13.83 ms inference
latency and 26.76 ms end-to-end latency at 37.4 FPS, attaining the best parameter—latency
balance and the highest parameter-normalized throughput (35.62 FPS/M) among six nano-
scale YOLO variants, with an overall 3.53x end-to-end speedup over the YOLOv12n
FP16 baseline that decomposes into a 2.97x architectural factor and a 1.19x quantiza-
tion factor. Integrated into the EbirdEye field terminal, the same model sustains 23.5 ms
thread-level end-to-end latency during live operation while supporting approximately
13.5 h of battery-powered runtime per charge. The proposed design offers a practical
pathway toward deployable, low-power Al terminals for endangered-species conservation
in resource-constrained field environments.

Keywords: endangered bird detection; edge Al; NPU-aware lightweight network; operator-
friendly design; field deployment

1. Introduction

The wetlands of the Pearl River Estuary support wintering populations of several In-
ternational Union for Conservation of Nature (IUCN)-listed endangered birds [1], of which
the Platalea minor (Black-faced Spoonbill) is the most emblematic: roughly six thousand
individuals remain worldwide [2,3], and a meaningful fraction of them visit the Macao
Cotai Ecological Reserve between December and February each year [4-6]. Continuous,
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automated monitoring of these populations would allow conservation managers to detect
arrivals earlier, log behavior over the full diel cycle rather than only during expert-led
surveys, and accumulate the long-baseline records on which habitat-management decisions
ultimately depend. The technical question is how to deliver this capability at a cost and
form factor that scale to dozens of unattended observation nodes deployed across a fragile
reserve, sustained by battery and solar power rather than by mains and bandwidth. Exist-
ing field-deployed bird-detection systems either offload inference to a cloud server reached
over a 4G uplink [7] or run on phone-class central processing unit/graphics processing
unit (CPU/GPU) hardware [8], and although recent wetland datasets such as DTH-Birds
have begun to address the data side of the problem [9], no openly released visual system to
date targets the endangered avifauna of the Pearl River Estuary on consumer-grade neural
processing unit (NPU) hardware.

Edge artificial intelligence (Al) hardware has matured to the point where this objective
is no longer obviously implausible. A modern heterogeneous system-on-chip such as the
Rockchip RK3588 packages an octa-core ARM CPU together with a 6-trillion-operations-
per-second (TOPS) NPU within a sub-10 W envelope, sufficient in principle for real-time
visual detection on a small battery-powered terminal. Detection-model design, how-
ever, has not co-evolved with this class of accelerator. The You Only Look Once (YOLO)
family, which has dominated real-time detection on the desktop and on the GPU since
Redmon et al. [10] and through the v3—v11 lineage [11-14], has moved over its most recent
releases towards attention-based modules: YOLOv12 [15] introduces an Area-Attention
block (A2C2f) and a pointwise self-attention block (C2PSA) that lift Common Objects in Con-
text (COCO) accuracy [16] but rely on dynamic-shape tensor operations. On consumer NPU
toolchains—RKNN-Toolkit2 [17], nncase [18], NCNN [19]—those operations are not na-
tively supported and are silently offloaded to the host CPU [20], where they execute
several times more slowly than they would on the NPU and break the static schedule
that low-precision quantization depends on. Reproducible benchmarks on RK3588-class
hardware confirm that operator type consistently outweighs parameter count as a predictor
of on-device latency [21], with effective NPU utilization falling below 55% under such
fallbacks—turning a nominal 2-3 x 8-bit integer (INT8) speedup into a marginal gain or
a regression [20]. Lightweight backbones such as MobileNet [22], ShuffleNetV2 [23] and
GhostNet [24] mitigate the floating-point operations (FLOPs) side of this problem but offer
no guarantee on the operator side, because their evaluations are conducted against GPU or
general-purpose CPU latency rather than against an NPU operator-support matrix [25].

A natural response is to delegate the gap to quantization or to the compiler: with
a well-chosen calibration set and a tidy export script, post-training quantization [26] or
quantization-aware training [27] should, on this view, recover most of the latency. We
would suggest, however, that this view is incomplete in a structural rather than a numerical
sense. INT8 compresses arithmetic cost but does not relocate operators back onto the
accelerator. A model whose dynamic-shape operators sit on the CPU at 16-bit floating-
point (FP16) precision still has them sitting on the CPU at INTS, and the per-frame CPU-
NPU dispatch overhead persists regardless of numerical precision—a pattern recently
characterized in detail for on-device large language model (LLM) workloads [28] and
consistent with the latency profiles reported across YOLO variants on RK3588 [21]. The
natural place to intervene is therefore earlier in the pipeline—at the operator graph itself,
before quantization is applied. Edge-YOLO variants for RK3588 [29] have begun to pursue
this direction by substituting incompatible activations, but operator-level adaptation has
not yet been treated as a coordinated, multi-level methodology, nor has its outcome been
validated end-to-end on a deployed terminal.

https://doi.org/10.3390/ electronics15132877


https://doi.org/10.3390/electronics15132877

Electronics 2026, 15, 2877

30f32

7

A further observation, less often made in the model-design literature, is that “real-time”
as a board-level benchmark and “real-time” as a field-deployment property are not the
same statement. A detector that hits 30 frames per second (FPS) on a development board
running a controlled benchmark loop may fail to do so once the same system-on-chip
(SoC) is wrapped into a complete observation terminal—with a universal video class (UVC)
capture pipeline, a touch display, a multi-thread runtime and a battery-bound power
envelope—because peripheral overhead, thread contention and capture-side cadence start
to dominate the budget. Closing this gap requires not only a lightweight detector but also
a deployable terminal whose end-to-end behavior and energy profile have been measured
in the field rather than inferred from the silicon datasheet.

We develop these claims concretely for the task of detecting twenty-four protected
and endangered bird species in the Macao region. Starting from a YOLOv12n base [15],
we apply a three-level NPU-friendly transformation: at the operator level, every SiLU-
activated convolution is rewritten as a static-shape NPUConv block (convolution-batch
normalization (BN)-ReLU6); at the module level, the dynamic Area-Attention (A2C2f) and
pointwise self-attention (C2PSA) blocks are replaced by a Cross-Stage Dense Convolution
module (NPU-C3k2) and an NPU squeeze-and-excitation block (NPU-SE-Block); at the
head level, the three detection branches are rebalanced to a uniform 64-channel output. The
resulting network, eBirdNet-Nano, is designed so that its full computational graph remains
resident on the NPU under the operator-support matrix of mainstream consumer toolchains,
while preserving sufficient representational capacity for fine-grained species discrimination
on a small in-domain dataset. We then integrate eBirdNet-Nano into EbirdEye, a battery-
and solar-powered observation terminal built around the LubanCat-RK3588s board with a
UVC camera and a touchscreen, and characterize its end-to-end runtime and energy budget
under live capture in the Macao Cotai Ecological Reserve.

Against this background, the contributions of this paper are threefold.

1. An NPU-aware detector and three-level transformation methodology for endangered-
bird monitoring. We present eBirdNet-Nano, a compact detector for twenty-four
protected species in the Macao region, together with the curated Macao-ebird-det
dataset [30]. It instantiates a three-level NPU-aware transformation pipeline acting
at the operator (NPUConv), module (NPU-C3k2, NPU-SE-Block) and detection-head
(balanced 64-channel) levels, each removing a distinct class of CPU-fallback trigger
from the computational graph. To our knowledge, this is the first openly released
visual-detection system that explicitly targets the Macao endangered avifauna on
consumer-grade NPU hardware.

2. End-to-end deployment of the detector on an RK3588 NPU and across heterogeneous
edge platforms. We take eBirdNet-Nano through the full deployment pipeline of
Section 3.2—32-bit floating-point (FP32) Open Neural Network Exchange (ONNX) ex-
port, graph simplification, Kullback-Leibler (KL)-divergence INT8 calibration, RKNN
compilation—and report its on-device behavior on a LubanCat-4 RK3588 board at
320 x 320, profiling NPU inference latency, end-to-end pipeline timing, board-level
power and per-frame energy under both FP16 and INTS8. To put these numbers in
context we benchmark five contemporary nano-scale YOLO variants through the same
toolchain on the same hardware, and we re-run the model on two additional archi-
tectures—a Raspberry Pi 4B (ARM CPU) and a LicheePi 4A (RISC-V CPU) through
ONNX Runtime—so that the detector is characterized not only on its primary target
but also on the alternative execution models a field deployment would realistically
have to choose between.

3. Field-validated system-level deployment on the EbirdEye terminal. We report runtime
and power measurements collected in situ on EbirdEye, an RK3588s-based observation
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terminal that integrates eBirdNet-Nano with three optical paths (short range to long
range), a touch display and a battery-and-solar power supply. The measurements
characterize the full pipeline at the thread level—capture, inference and display—and
connect laboratory throughput to deployable field runtime through a system-level
power and endurance budget, moving the real-time claim from a benchmark statement
to a property of an integrated terminal.

The remainder of the paper is organized as follows. Section 2 reviews edge detection
work most relevant to NPU deployment. Section 3 describes the three-level transformation
methodology and the resulting eBirdNet-Nano architecture. Section 4 specifies the experi-
mental setup. Section 5 reports the experimental analysis, covering detection accuracy, the
staged ablation across in-domain and out-of-domain datasets, cross-model NPU latency, the
FP16/INT8 quantization decomposition, board-level power and energy, cross-architecture
portability on RISC-V, and the system-level field deployment of the EbirdEye terminal in
the Macao Cotai Ecological Reserve. Section 6 concludes the paper.

2. Related Work
2.1. Detection-Based Bird Monitoring on Edge Devices

Field-deployed bird monitoring has shifted from offline camera-trap pipelines to-
ward systems capable of inference at the point of capture. Chalmers et al. [7] deployed a
YOLOvV10-based detector across eleven 4G-connected camera traps in Wales for endangered
Curlew monitoring (F1-score (F1) = 95.05%), with inference offloaded to a cloud server.
Félix-Jiménez et al. [8] combined YOLOv8s with MobileNetV3 for five native species in Za-
catecas and reported explicit power measurements—still uncommon in this literature. Fang
et al. [9] assembled the DTH-Birds dataset at Dongting Lake and proposed Birds-YOLO, a
YOLOv11 variant with exponential moving average (EMA) attention targeting 47 wetland
species. Earlier work covers context-aware attention for small unmanned aerial vehicle
(UAV) targets [31], weakly supervised detection in dense UAV scenes [32], and two-stage
YOLOv5+EfficientNetB3 pipelines for joint detection and species classification [33]. Xing et
al. [34] specifically addressed the challenge of monitoring small, low-contrast bird targets in
dense wetland environments by proposing an optimized YOLO-based detector, enhancing
local feature extraction for distant targets. Rossi Labianca et al. [35] designed a dedi-
cated on-edge Al architecture for real-time bird identification, targeting hardware-software
co-design on low-power edge nodes like NVIDIA Jetson boards to enable continuous
ecosystem protection.

In the acoustic domain, BirdNET [36] established convolutional neural network (CNN)-
based spectrogram analysis as the standard for large-scale passive monitoring, with later
work applying EfficientNet to multi-species classification on Mel spectrograms [37].

The pattern revealed by Table 1 is consistent across the ten works surveyed. Detection
accuracy is almost uniformly the primary optimization target, with the choice of backbone
(YOLOv5-v11 variants) driven by GPU benchmarks rather than by the operator set of any
specific deployment runtime. Edge deployment, where reported, falls into two distinct
modes: cloud-assisted inference connected by a 4G uplink [7], or on-device CPU/GPU exe-
cution on a mobile phone [8]—but in neither case is NPU operator compatibility analyzed.
Quantization is reported only by Félix-Jiménez et al., who also provide the only explicit
power measurement in the visual-detection cluster.
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Table 1. Comparative summary of representative bird-detection works on edge/mobile devices.

Work Year Method Datasets Species Edge. Infer. NPU. Qtz. R.T. Pwr.
Ma et al. [31] 24  Yv8+Atin. PYL-5 (UAV) 5 - GPU X X - X
Kellenberger etal. [32] 18 Weak CNN UAV - - GPU X X - X
Vo et al. [33] 23 Yv5+EffB3 eBird /self multi - GPU X X - X
Chalmers et al. [7] 25  Yv10 Wales 1 4G trap Cloud X X v X
Félix-Jiménez et al. [8] 25 Yv8s+MNetV3 Zacatecas 5 Mobile CPU/GPU X v v /
Fang et al. [9] 25 Birds-YOLO DTH 47 - GPU X X - X
Xing et al. [34] 26  Yv8-Wetland Wetland multi - GPU X X v X
Rossi Labianca et al. [35] 26 CNN-Edge Private multi  Jetson Edge X v/ X
Kahl et al. [36] 21 CNN (aud.) Xeno-canto ~3k RPi CPU X X v X
Baowaly et al. [37] 24 EffNet Bird CLEF 264 - GPU X X - X
Ours - eBirdNet-nano Macao-ebird-det 24 RK3588 NPU v /7 /

Note: Edge. = Edge Platform; Infer. = Inference Site; NPU. = NPU-aware design constraint; Qtz. = INT8
quantization; R.T. = on-device real-time reported; Pwr. = Power Reported; v = supported /reported; X = not
supported/not reported.

2.2. Single-Stage Detection and Lightweight Network Design

Single-stage detectors have driven real-time vision on edge hardware since Redmon
et al.’s original YOLO [10], in which localization and classification share a single forward
pass—structurally better suited to constrained deployment than two-stage methods. Across
the v3-v8 lineage the architecture remained essentially convolutional, with successive re-
finements: CSP/PANet integration with Mosaic augmentation, an industrial PyTorch
toolchain, and anchor-free decoupled heads [11]. YOLOV9 introduced Programmable Gra-
dient Information [12]; YOLOv10 adopted end-to-end non-maximum suppression (NMS)-
free training [13]; YOLO11 added a pointwise self-attention module (C2PSA) on a refined
C3k2 backbone [14]. YOLOv12 [15] marked a qualitative shift: the Area-Attention mod-
ule (A2C2f) replaces dense convolution with sparse, region-based self-attention to reach
state-of-the-art accuracy on COCO [16]. Chandrashekhar et al. [38] refine YOLOv12 with
multi-scale fusion for extremely small targets, Liang et al. [39] propose a re-parameterizable
convolution and a center-guided cross-scale fusion network (LCS-YOLO) on the YOLOv12n
backbone for UAV imagery. Qiu and Lin [40] introduce a lightweight architecture (LMW-
YOLO) that balances detection accuracy with computational efficiency, making it suitable
for real-time applications and resource-constrained environments

Complementary lightweight recipes reduce parameters and computation while pre-
serving capacity. MobileNet [22] factorizes standard convolutions into depthwise-separable
operations; ShuffleNetV2 [23] re-examines design from a memory-access-cost perspective,
showing that channel-split-and-shuffle can match MobileNet at the same FLOPs budget;
GhostNet [24] regenerates redundant feature maps via cheap linear transforms; Vanil-
laNet [41] demonstrates that pure convolutional stacks can rival attention-based designs
under appropriate training. A persistent caveat is that all of these are validated against
GPU or general-purpose CPU latency. Li et al. [25] showed empirically that latency on het-
erogeneous mobile SoCs is only loosely predicted by FLOPs, with memory access patterns
and operator scheduling accounting for a large share of observed cost. The implication for
NPUs is direct: parameter efficiency on a GPU does not survive transfer to an NPU if the
computational graph contains operators the runtime cannot natively accelerate. For multi-
scale fusion, Feature Pyramid Network (FPN) [42] and PANet [43] remain the standard
neck design across the YOLO family because neither introduces dynamic shapes.
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2.3. NPU-Aware Operator Design, Quantization, and Edge Deployment

Modern edge NPUs are built around systolic-array or vector-processing architec-
tures optimized for data reuse and on-chip static random-access memory (SRAM) ac-
cess. Commercial runtimes—RKNN-Toolkit2 [17], nncase [18], NCNN [19], ONNX
Runtime [44]—compile a supported subset of ONNX operators into native instructions;
any operator outside this subset is silently offloaded to the host CPU. For the v3-v8 family,
whose graphs consist almost entirely of Conv2d, BatchNorm, ReLU and static Resize, fall-
back is rarely triggered. For YOLOv12-class models the situation is structurally different:
Area-Attention relies on dynamic tensor partitioning and C2PSA on pointwise self-attention
with variable spatial extent—both routed back to the CPU as dynamic-shape operations.
Similarly, a 2026 study by Suchy and Turcanik [45] on the Raspberry Pi 5 and Jetson Orin
NX confirms that NPU acceleration boosts FPS-per-watt but degrades performance during
CPU-fallbacks, directly aligning with our operator-compatibility analysis and motivating
our per-frame energy evaluation.

Operator-level adaptation has been explored along several directions. Replacing SiLU with
ReLU6—a static Clip(0, 6) node natively supported by all major NPU toolchains—removes a
common fallback source while preserving capacity, and its bounded output range tightens INT8
calibration. Depthwise-separable and channel-split structures are in principle well-matched to
NPU multiply-accumulate (MAC) arrays, though throughput depends on whether the com-
piler fuses consecutive pointwise and depthwise layers [23]. Li and Ye [29] demonstrated an
edge-YOLO variant for RK3588 by substituting incompatible activations, and Xu et al. [28] char-
acterized the NPU-to-CPU fallback penalty for on-device LLM inference, showing scheduling
overhead from unsupported operators dominates total latency in a pattern analogous to that
observed for detection workloads.

Quantization is a complementary axis. Post-training quantization (PTQ) with
Kullback-Leibler (KL)-divergence calibration is the dominant edge recipe: it requires no re-
training and typically lands within 1-2 percentage points of FP16 on detection benchmarks
while delivering 2-3 x speedup on cleanly NPU-resident graphs [26]. Quantization-aware
training (QAT) narrows the gap further [27]. Critically, both operate downstream of the
operator graph: INT8 reduces arithmetic cost but cannot relocate operators that have
already been delegated to CPU. A model whose dynamic-shape nodes fall back at FP16
retains the same fallback at INT8, with persistent dispatch overhead regardless of precision.

2.4. The Methodological Gap This Paper Addresses

Three observations summarize the state of the field as it bears on the present work.
First, attention-based detectors have moved faster than NPU toolchains can absorb them.
Second, FLOPs-driven lightweight design does not carry over cleanly to NPUs whose
operator coverage is incomplete. Third, INT8 PTQ does not fix problems that originate in
the operator graph. Together these point to a level of intervention—the operator graph
itself—that has been touched only obliquely by published edge bird-detection systems. The
contribution of this paper is to make that intervention concrete, to measure it carefully, and
to show that on a representative consumer-NPU SoC the resulting model is Pareto-superior
on the latency—parameter plane to every nano-scale YOLO variant from v8 to v12.

3. Method
3.1. NPU-Aware Lightweight Detector Design

eBirdNet-Nano is obtained from YOLOv12n by three transformations applied at
progressively higher levels of the architecture: (i) operator-level substitution, in which
every dynamic-shape activation is replaced by a static counterpart wrapped in a uniform
NPUConv block; (ii) module-level substitution, in which the two attention-based blocks
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introduced in YOLOv12 are replaced by static dense modules that recover the same channel-
recalibration behavior without any dynamic shape; and (iii) head-level rebalancing, in
which the three-scale detection head is compressed to a uniform 64-channel output and
the distribution focal loss (DFL) reg-max is reduced to one. The three transformations are
independent in the sense that each can be evaluated in isolation, and we report exactly that
ablation in Section 5.3; in deployment they are applied jointly.

The block diagram in Figure 1 shows the resulting network. The backbone retains the
staged feature extraction of YOLOvV12 but replaces every internal block with NPU-resident
counterparts. The neck retains the bidirectional Feature Pyramid Network (FPN)+path
aggregation network (PAN) topology unchanged—the structure was already static-shape.
The head is the only place where structural compression beyond operator substitution is
applied, because the original head was sized for COCO’s 80 classes and is overspecified for
our 24-species task.

Neck Detection Head
(FPN + PAN)
2
Layer 14 — NPU_C3k2 — P3 Layer 15— NPUConv
[256, n=2, True] + SE | 80=80x64 [256, 3<3, stride=2] | 40x40x64
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FPN/PAN multi-scale output node

I
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I
. I
Layer 9 — Upsample x2 I Layer 20 — NPU_C3k2 — P5 Cencat (feature concatenation)
I
I
I [ ] NPU_Detect head (balanced ch=64)
I

Figure 1. Overall architecture of eBirdNet-Nano.

3.1.1. Operator-Level: The NPUConv Block

The structure of the NPUConv block is shown in Figure 2. Every Conv—-Activation
pair in YOLOv12n uses SiLU, defined as

SiLU(x) = x - o(x), @

where 0 is the sigmoid. The sigmoid in turn is implemented on most consumer NPUs
through a piecewise-linear approximation that is treated as a dynamic-range operator and
is, in the FP16/INTS8 paths of RKNN-Toolkit2 v2.0, a CPU fallback. The substitution we
apply is to write every convolution as

NPUConv(x) = ReLU6(BN(Conv(x))) = clip(BN(Conv(x)), 0, 6). )

Three properties make this substitution attractive. First, ReLU6 corresponds in the
ONNX standard to a static Clip (min=0, max=6) operator and is natively supported by ev-
ery NPU runtime we use. Second, the bounded output range [0, 6] gives the INT8 calibrator
a tight dynamic range to fit, which substantially reduces the activation-quantization error
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compared to SiLU’s unbounded positive tail. Third, batch normalization positioned before
the clip continues to whiten activations and stabilize training; we observed no convergence
issues across either of the two datasets used in Section 5.

4 ™
NPUConv

Stafic Linear Activation Convolution Module

Replaces: SiLU — RelLU&

Input Feature Map x

v

Convad
kxk kernel, stride s, bias=False

v

BatchMorm2d
Normalization, stabilizes training

+ NPU-native operatnri

RelLUB
clip(x, 0, 6) = ONNX Clip(0, 6)
Static shape, no sigmoid exponent

!

Output Feature Map

. vy
Figure 2. Structure of the NPUConv block.

3.1.2. The NPU-C3k2 Cross-Stage Dense Convolution Module

The internal structure of the NPU-C3k2 module is illustrated in Figure 3. YOLOv12's
A2C2f module computes Area-Attention over partitioned spatial regions; the partitioning
step itself is a dynamic-shape gather. We replace A2C2f by a Cross-Stage Dense Convolution
module (NPU-C3k2) whose forward pass is

NPU-C3k2(x) = SE (cv2 (Concat[CVy(x), B (CV1(x)), ..., Ba(CVi(x))] )). 3)

The input feature x is first expanded to 2c channels by a 1 x 1 NPUConv (CV3), then
split into two branches—one identity branch and one residual branch processed by n
NPU-Bottleneck blocks (each consisting of two 3 x 3 NPUConv layers with a residual
connection). The branch outputs and the # intermediate maps are concatenated along the
channel dimension to give (2 + n)c channels and compressed back to ¢, channels by a
final 1 x 1 NPUConv (CV;). A lightweight NPU-SE-Block (described next) recalibrates
the result.

The point of this construction is that it preserves the cross-stage connectivity and
the depth of A2C2f’s representation while replacing every dynamic-shape gather with a
static dense convolution. The theoretical FLOPs rise modestly compared to the sparse-
attention version, but the resulting graph has zero CPU fallback, which is the property that
determines wall-clock latency.
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//- NPU_C3k2 \\

Cross-Stage Dense Convolution Module

Replaces: A2C2f (Area-Attention, dynamic shape) |
— Dense Conv + SE

Input x (c1 channels)

'

‘ CV1 — NPUConv (1x1)

¢l — 2-c (expand + split)

Espfr’a‘ — [chunk_a (c chanmels), chunk_b (c channels)]

% n

h 4
MPU_Bottleneck
NPUConv(3x3) — NPUConv(3x3)

chunk_a (bypass) Jv

Concat
‘#| [chunk_a, chunk_b, Bi(b), ..., B(b)] — (2+n)-c
channels

CV2 — NPUConv (1x1)
(2+n)-c — c2 (feature fusion)

v
| Embedded NPU_SE_Block
SE Block GAP — FG(C—C/16) — RelU6

— FC(C/M6—C) — HardSigmoid — scale

Cutput (c2 channels, NPU-native)

- J

Figure 3. Structure of the NPU-C3k2 cross-stage dense convolution module.

3.1.3. The NPU-SE-Block Static Channel-Excitation Gate

The data flow of the NPU-SE-Block is shown in Figure 4. YOLOv12’s C2PSA module
performs pointwise self-attention. The pointwise step is itself a dynamic-shape operation.
We replace C2PSA by a static channel-wise excitation block whose forward pass is written
using global average pooling (GAP) and fully connected (FC) layers as

NPU-SE-Block(x) = x ® HardSigmoid (FCy (ReLU6(FC1 (GAP(x))))). 4)

Global average pooling collapses the spatial dimensions to a B x C descriptor. A
bottleneck of two fully connected layers (with reduction ratio * = 16, no bias, ReLU6
between them) produces channel-wise gating logits, and HardSigmoid maps them to the
unit interval. The gating vector is broadcast back along the spatial axes and multiplied
element-wise with the original features. Every operator (AdaptiveAvgPool2d, Linear,
ReLU6, HardSigmoid) is static-shape and natively supported by RKNN, nncase and NCNN.
The block adds approximately 8 K parameters and, in our measurements, eliminates the
CPU fallback that C2PSA introduced.

Substantively, the block is an NPU-friendly variant of the SE module [46] with Hard-
Sigmoid replacing the original sigmoid; its novelty here is the system-level choice of using
SE in this position to absorb the role that C2PSA would have played while keeping the
resulting graph entirely NPU-resident.
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NPU-SE-Block
Static Channel Excitation Module
Replaces: C2PSA (Point-wise Self-Attention,
dynamic shape)

Input x (C channels)

Identity path (x l

Global Average Pooling
AdaptiveAvgPool2d(1) — [B, C, 1, 1]
Static output shape — NPU fully supported

Flatten [B, C, 1, 11— [B, C]
x (identity) J'
FCi Linear{C — C/16)
Squeeze, ratio r=16, no bias
4+ NPU-native operator i
ReL U6 clip(x, 0, 6)

i

FCz Linear{C/16 — C)
Excitation, channel restore, no bias
+ NPU-native i
Hard Sigmoid — scale in [0, 1]

}

Element-wise Multiply
x @ scaleview(B, C, 1, 1)

v
Qutput x' = x & channel_weights

Figure 4. Structure of the NPU-SE-Block static channel-excitation module.

3.1.4. Head-Level: Balanced Compression

The standard YOLOv12n detection head outputs [256, 512, 512] channels across the P3,
P4 and P5 scales. This unbalanced allocation reflects COCQO’s 80-class statistics, in which
large objects dominate the loss and the deeper P5 head benefits from extra capacity. The
bird-detection workload is structured differently. The 24 species in Macao-ebird-det are
discriminated chiefly by gross morphology—silhouette, beak geometry, plumage color
blocks—and the typical wetland scene contains small, distant targets. Detection difficulty
across the three scales is roughly comparable, and the unbalanced head leaves substantial
parameter budget on the table at P4 and P5.

Three structural compressions follow from this observation:

1. Channel rebalancing. All three detection branches are compressed to a uniform 64-
channel output, which removes the channel asymmetry between P3 and P4/P5 and
aligns the parameter budget with the task structure.

2. DFL simplification. Setting reg-max = 1 reduces the distribution focal loss (DFL)
position regression from a multi-point distribution to a single-point prediction, which
removes the softmax + gather overhead on the NPU (worth approximately 2-3 ms per
frame in our measurements). The effect on localization accuracy is small in the bird-
detection regime—mAP@0.5:0.95 moves from 0.849 to 0.848 when the simplification
is applied on top of the channel-and-depth-compressed network—because at the
intersection-over-union (IoU) thresholds that matter for ecological monitoring (mean
average precision at IoU 0.5, mAP@0.5), bounding-box position is dominated by
classification correctness rather than by sub-pixel regression. The same simplification
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would be more costly in benchmarks where every percentage point of mAP@0.5:0.95
matters; we discuss this boundary explicitly in Section 5.3.

Backbone depth reduction. The P5 channel count is compressed from 1024 to 512,
and the per-stage repetition count in the backbone is halved from 4 to 2, reducing
parameter redundancy on a dataset of approximately 14 k training instances and
lowering the risk of overfitting.

3.2. Inference-Aware Deployment Pipeline

To exploit that property, the model is taken through a deployment pipeline (Figure 5)

whose stages are ordered so that operator-graph decisions precede precision-related de-
cisions. Platform-agnostic front end. The FP32 PyTorch model is exported to ONNX and
passed through onnx-simplifier for constant folding, dead-node removal, shape inference,
operator fusion and static-shape fixation. The resulting FP32 ONNX graph is the routing
anchor of the pipeline—lossless and platform-neutral.

GPU Training
FP32 Precision - PyTorch

v

‘ Export to ONNX (FP32) ‘

Universal Intermediate Format

v

Graph Simplification (onnx-simplifier)
Constant Folding - Dead Node Removal - Shape Inference
Operator Fusion - Static Shape Fixation

No Quantization -onnx (FP32)

------------------------------- Lossless Accuracy - Simplest
Deployment
Route by Target Platform

v :
| Path D-PTQINTS Calibration | Operator Compatibility Check
KL-Divergence Calibration - ONNX Compare Against NPU Supported Operator Set
| Runtime | - RKNN-Toolkit2/nncase
I a PTQ INTE Calibration lNo Quantization l a PTQ
. -onnx (INT8) rknn (FP16) rknn (INT8) kmodel (INT16/INT8)
Guanizedbpeadupiiolledeatad No Calibration Set Requires Calibration Requires Calibration
NTU Required Images Images

Pure ARM / RISC-V Platform
No Dedicated NPU - ONNX Runtime
Inference

RK3588 Platform (ARM + NPU) K230 (RISC-V + KPU)
6 TOPS NPU - RKNN-Toolkit Lite2? Inference 6 TOPS KPU - Al Pipeline

oy R A L 4

Figure 5. Inference-aware deployment pipeline.

Routing by target hardware, not by precision. From the anchor the pipeline forks on

hardware first, because operator compatibility is hardware-conditional and quantization

applied beforehand could either be wasted or produce nodes the target compiler cannot

ingest. Three branches are instantiated:

CPU-only branch—Raspberry Pi 4B (ARM Cortex-A72) and LicheePi 4A (RISC-V
C910), both running the ONNX Runtime framework. With no accelerator present, the
only optimization axis is precision: the FP32 graph is run as-is (lossless reference),
or KL-divergence-calibrated to .onnx (INT8). INT8 speedup here comes from single-
instruction multiple-data (SIMD) integer throughput (ARM NEON /RISC-V Vector,
RVV) rather than a dedicated MAC array, and is therefore bounded.

NPU branch—Rockchip RK3588 (LubanCat-4). The first action is not quantization
but an operator-compatibility check against the RKNN-Toolkit2 /nncase supported-
operator set. Nodes outside the set are flagged for CPU fallback at compile time, break-
ing the NPU'’s static schedule. By construction, every node in eBirdNet-Nano clears
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this gate. The compatibility-checked graph is then compiled either directly to .rknn
(FP16)/ .kmodel (no calibration) or with KL-divergence calibration to .rknn/.kmodel
(INT8); both are loaded at runtime by RKNN-Toolkit Lite2 in single-core mode.

¢  KPU branch—Kendryte K230 (dual-core T-Head C908 RISC-V with a 6-TOPS KPU).
Similar to the NPU branch, the anchor . onnx graph is first run through an operator-
compatibility check against the nncase compiler’s supported operator set. Once
compatibility is verified, the graph is compiled into a quantized .kmodel binary
under either INT16 or INT8 precision. This compilation is driven by PTQ using
the representative calibration dataset, ensuring zero-fallback, hardware-accelerated
execution natively on the Canaan KPU.

4. Experimental Setup and Evaluation Metrics

4.1. Datasets and Training Settings
4.1.1. Dataset Details

We use two datasets that play complementary roles. Macao-ebird-det is the in-domain
benchmark on which the design decisions are made [30]. It covers 24 protected and
endangered species from the Macao region, with 7287 detection images split into train-
ing, validation and test partitions in an approximately 70/20/10 ratio. The annotation
pipeline combines a Grounding DINO open-vocabulary detector [47], used to produce
candidate bounding boxes from species-named text prompts with a manual verification
pass. The dataset has been released publicly under a non-commercial research license to
support reproduction.

The annotation pipeline of Macao-ebird-det is a single-stream protocol in which
Grounding DINO produces candidate bounding boxes from species-named text prompts
and trained annotators with ornithological background then reviews, refines, or rejects these
candidates using Labellmg in batched per-species verification passes. The full protocol
and the verifier qualifications are documented in the companion paper [30], which reports
that 54 of 7341 candidate images were rejected during manual verification, yielding the
7287-image set used here at a labeling success rate of 99.18%. Direct evidence that residual
annotation noise on the held-out test split does not materially affect the figures reported
here is provided by the cross-model consistency: inter-architecture variance across nano-
scale YOLO baselines is small (mAP@0.5 within 0.972-0.977, precision—recall gaps below
0.02), and the wider ten-model sweep reported in [30] reaches the same conclusion. See [30]
for full details.

4.1.2. Training Settings

All models are trained with PyTorch 2.5.0 and CUDA 11.2 on a workstation equipped
with two NVIDIA A10 GPUs (16 GB VRAM each) and an Intel Xeon Gold 6326 CPU. For the
YOLO-series baselines, we use distributed data parallel training, automatic mixed precision,
a batch size of 16, and pretrained YOLOv12n weights as initialization. The training schedule
comprises 300 epochs with early stopping at a patience of 100. Input images are resized
to 640 x 640 during training. Augmentations follow the YOLOvV12 default recipe (Mosaic
with probability 1.0 for the first 290 epochs, HSV jitter, horizontal flipping, scaling, and
translation). We deliberately keep the augmentation policy fixed across all models so that
any difference in the comparison tables is attributable to architecture rather than to training.

The seven non-YOLO baselines reported in Section 5.2 are trained separately under
the TensorFlow 2.x Object Detection application programming interface (API), each ini-
tialized from its official COCO-pretrained checkpoint and fine-tuned on Macao-ebird-det
using the model’s default pipeline configuration. Because each baseline retains its own
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optimizer, schedule, and augmentation policy, these models serve as cross-framework
accuracy references rather than as a controlled architectural comparison.

4.2. Deployment Platforms

The four platforms used in this evaluation were chosen to differ in architecture. Each
represents an execution model a real deployment would actually have to pick between, as
shown in Table 2. The Rockchip RK3588, on a LubanCat-4 board (EmbedFire, Dongguan,
China), is the ARM-plus-NPU case: an eight-core ARM SoC (4 x Cortex-A76 at 2.4 GHz,
4 x Cortex-A55 at 1.8 GHz) paired with a dedicated 6-TOPS NPU that runs INT8 and FP16
inference natively, an order of magnitude beyond what the ARM cores alone deliver on
the same chip. On this board the model is compiled to the .rknn format and executed
through RKNN-Toolkit2 v2.0. The Kendryte K230, on a CanMV-K230 board (01Studio,
Shenzhen, China), is the RISC-V-plus-knowledge processing unit (KPU) case: a dual-core
T-Head C908 at 1.6 GHz paired with a Canaan KPU, a vector-digital signal processor (DSP)-
class hardware accelerator with native 16-bit integer (INT16)/INT8 support. The model is
compiled to .kmodel and executed through nncase-2.9.0. The Raspberry Pi 4B (quad-core
Cortex-A72 at 1.5 GHz) (Raspberry Pi Foundation, Cambridge, UK) is the pure ARM-CPU
case, a mature platform with nothing in the inference path but the CPU itself. The LicheePi
4A (quad-core Alibaba T-Head C910 at 1.85 GHz, TH1520 SoC) (Sipeed, Shenzhen, China)
is the pure RISC-V case, which takes the comparison off the ARM instruction set entirely.
Its TH1520 does carry a general-purpose neural network accelerator (NNA), but we leave it
disabled on purpose: the point of including this board is to see what a RISC-V CPU does on
its own, without the result being colored by how mature a second accelerator’s toolchain
happens to be. Both CPU-only boards run the model in the . onnx format through ONNX
Runtime 1.14.1, the same stack on each, so that the ARM-versus-RISC-V comparison is not
confounded by a change of runtime.

Table 2. Hardware specifications of the four deployment platforms.

RK3588

K230 (01Studio

Configuration (LubanCat-4) CanMV-K230) Raspberry Pi 4B LicheePi 4A
Architecture ARM + NPU RISC-V + KPU ARM (no dedicated  RISC-V (NPU not
NPU) used)
Cortex-A76 x 4 @
CPU cores 24GHz + é’?gzi}ggsl X@z @ Cortex-A72 x 4@ T-Head C910 x 4 @
Cortex-A55 x 4 @ 0.8 CHZ) 1.5GHz 1.85GHz
1.8GHz ’
RAM 8 GB LPDDR4 2GB LPDDR4 4GB LPDDR4 8 GB LPDDR4
Al accelerator Rockchip NPU, Kendryte KPU, ;lr I"_EICl)?’ZSOg IIN\I?."/S (not
6 TOPS 6 TOPS @ INTS8 used) *
Inference framework RKNN-Toolkit2 v2.0 nncase-2.9.0 ? i\j}l\lTX Runtime ? ﬁl\lTX Runtime
Model format .rknn .kmodel .onnx .onnx
(FP16/INTS) (INT16/INTS) (FP32/INTS8) (FP32/INTS8)

* The TH1520 NNA is intentionally not used in this study; LicheePi 4A is evaluated through its RISC-V CPU
with ONNX Runtime to isolate the ARM-versus-RISC-V CPU comparison without introducing accelerator-

toolchain effects.

4.3. Metrics

4.3.1. Detection Accuracy

Detection accuracy is reported in terms of Precision, Recall, mean average precision
at an IoU threshold of 0.5 (mAP@0.5), and mAP@0.5:0.95, evaluated on the held-out test
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split in FP32 at 640 x 640. For each model and precision mode, we record N = 100 frames
after a 10-frame thermal warm-up. Let {tilnf, tiznf, e, til{}f } denote the observed pure in-
ference times (CPU/NPU forward pass only), and let {t,t5,...,tx5} denote the corre-
sponding total-pipeline times, with each ¢; decomposed into pre-processing, inference, and

post-processing components.

4.3.2. Latency and Throughput

*  Mean inference latency , the arithmetic mean of pure inference time across the mea-
surement window:

lTinf — l % tirlf (5)
P
N i=1

¢  Mean total latency, the arithmetic mean of end-to-end frame time, including pre-
processing, inference, and post-processing:

z

1

i
N
1

;. (6)
1

e P90 latency, the 90th percentile of {t;}, used as a tail-behavior summary:
tpgg = Percentilegy({t;}). (7)

e Jitter, the standard deviation of the total-pipeline distribution:

*  Stab (%), the fraction of frames whose total-pipeline time falls within 1.2x the per-
model median f—a normalized concentration measure that we found more infor-
mative than raw standard deviation when comparing models with very different

median latencies: B
ot < 1
Stabe, = % x 100%. 9)

e End-to-end frame rate, computed from the mean total-pipeline time, where s denotes

F expressed in milliseconds:

1
FPS = {000. (10)

ms

4.3.3. Power and Energy

Power and energy are measured with an FNB58 Universal Serial Bus Type-C (USB-
C) inline meter sampling at 1 Hz on the supply rail of the RK3588 board. The first 10%
of frames in each 5000-frame run are discarded to skip the thermal ramp-up, and the
remaining window (T > 120s) is used for steady-state averaging.

Over this T > 120 s window, rather than relying on instantaneous power
samples—whose effective sampling rate is too coarse to resolve the ms-level per-frame
inference workload—we record the meter’s cumulative energy reading Ecym (in Wh) and
compute the steady-state average power by integration:

_ Ecum - 3600

Pinf = T (W)' (11)

where the factor 3600 converts watt-hours to joules. The same protocol is applied identically
to two workloads: with the board running the detector in steady state we obtain Py,¢, and
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with the board idle (no inference scheduled) we obtain P,g).. Both quantities are therefore
time-integrated averages over T > 120 s rather than instantaneous samples.

* Inference-induced net power, the workload-dependent component of board power
with the idle baseline subtracted:

AP = Pint — Pigie  (W). (12)
e Energy per frame, the electrical energy consumed to process one frame; the figure of
merit for battery-bounded operation:

P,
Eframe = Fl;‘é x 1000 (m]J/frame). (13)

¢ Energy efficiency, throughput delivered per watt; the figure of merit under a fixed

power budget:
_ FPS

7 P inf

(FPS/W). (14)

5. Experimental Results and Analysis
5.1. Training Convergence

To verify that the proposed configuration yields a properly converged model, we
examine the loss and mAP trajectories on the validation set throughout the entire 300-
epoch schedule. Figure 6 shows the validation dynamics of eBirdNet-Nano over 300 train-
ing epochs. As illustrated in Figure 6a, the three validation loss components (Val Box
Loss, Val Cls Loss, and Val DFL Loss) decrease steadily and stabilize after approximately
epoch 100, without any late-stage rebound. Meanwhile, the validation mAP curves in
Figure 6b rise rapidly during the early epochs and gradually approach a plateau after
around epoch 200. The standard deviation of mAP@0.5 over the final 50 epochs is only
7 x 10~*, indicating highly stable performance. Collectively, these observations demon-
strate that eBirdNet-Nano achieves stable convergence within the 300-epoch training
process. The same training schedule and optimization hyper-parameters described in
Section 4.1.2 are applied identically to all YOLO series. For conciseness, the loss and
mAP trajectories of the baseline models—which exhibit qualitatively similar convergence
behavior—are not reproduced here.

Val Box Loss
Val Cls Loss 1.OF
Val DFL Loss

—— mAP@0.5
mAP@0.5:0.95

0.0

0 50

100

150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch

(a) Validation loss trajectories. (b) Validation mAP trajectories.

Figure 6. Validation dynamics of eBirdNet-Nano over 300 training epochs: (a) validation loss
trajectories including box, classification, and distribution focal loss; (b) validation mAP trajectories
for mAP@0.5 and mAP@0.5:0.95. The grey shaded area indicates the epoch-wise variability band
around the smoothed validation curves.
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To further evaluate the practical implications of the lightweight design’s mAP re-
duction, Figure 7 presents the normalized confusion matrix of eBirdNet-Nano on the
Macaoebird-det validation set. The matrix demonstrates that errors are not distributed ran-
domly but are strongly tied to morphological similarity. For instance, mutual misclassifica-
tion is notably high (21-23%) between Platalea minor and Platalea leucorodia—two spoonbill
species that share nearly identical plumage and gross morphology, differing mainly in
subtle facial features. Similarly, raptor species such as Milvus migrans show elevated
confusion rates (up to 16%) with other birds of prey like Circus spilonotus.

Confusion Matrix Normalized

Accipiter nisus -§0.02 0.02.06.02 0.01 0.05 0.08
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Figure 7. The normalized confusion matrix of eBirdNet-Nano on the Macao-ebird-det validation set.

Crucially, missed detections (background misclassifications) remain low (<0.08) for flag-
ship species. In field patrols, the edge terminal primarily serves for data
triage—filtering empty footage. Because it reliably logs bird presence, species-level con-
fusions can be easily corrected during offline expert review. eBirdNet-Nano thus preserves
the essential foreground-background separation required for a deployable conservation tool.

5.2. Detection Accuracy on Macao-Ebird-Det

Table 3 places eBirdNet-Nano alongside five contemporary nano-scale YOLO vari-
ants and seven representative non-YOLO state-of-the-art detectors on Macao-ebird-det.
The non-YOLO group spans the three main detection paradigms: anchor-free single-
stage (EfficientDet-D0/D1, CenterNet-ResNet50-V2), anchor-based single-stage (55D with
MobileNet-V1-FPN, MobileNet-V2-FPNlite, and ResNet50-V1-FPN backbones), and anchor-
based two-stage (Faster R-CNN with ResNet50-V1 backbone).
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Table 3. Detection performance on Macao-ebird-det (FP32, 640 x 640).

Model Params (M) GFLOPs Precision Recall mAP@0.5 mAP@0.5:0.95
YOLOvV8n [11] 3.01 8.1 0.951 0.943 0.975 0.939
YOLOvV9t [12] 1.98 7.6 0.954 0.938 0.977 0.945
YOLOv10n [13] 2.73 8.3 0.957 0.941 0.977 0.945
YOLOv11n [14] 2.59 6.3 0.951 0.938 0.972 0.938
YOLOvV12n [15] 2.56 6.3 0.942 0.936 0.972 0.936
EfficientDet-DO [48] 3.90 2.54 - - 0.932 0.863
EfficientDet-D1 [48] 6.60 6.60 - - 0.943 0.889
SSD-MobileNet-V1-FPN [22,49] 4.96 6.51 - - 0.957 0.887
SSD-MobileNet-V2-FPNlite [49,50] 413 3.43 - - 0.929 0.851
SSD-ResNet50-V1-FPN [49,51] 31.93 162.83 - - 0.932 0.866
CenterNet-ResNet50-V2 [51,52] 29.83 87.05 - - 0.652 0.705
Faster R-CNN-ResNet50-V1 [51,53] 28.32 210.35 - - 0.965 0.874
eBirdNet-Nano (ours) 1.05 5.8 0.895 0.868 0.929 0.848

Note: Bold indicates the lowest parameter count in the table. Precision and Recall are unavailable for the non-
YOLO baselines as the Tensorflow Model Zoo released checkpoints do not include those metrics in standard
evaluation logs; mAP@0.5 and mAP@0.5:0.95 carry the same accuracy signal aggregated over thresholds and are
sufficient for the cross-family accuracy comparison.

The transformation reduces the parameter count by 59% and GFLOPs by 8% rela-
tive to YOLOv12n, at a 4.3-percentage-point cost in mAP@0.5 (0.972 to 0.929). The accu-
racy gap to YOLOv8n through YOLOv11n is similar in magnitude—those models reach
0.972-0.977 on mAP@0.5—but they carry 1.9 x to 2.9x more parameters and continue to
depend on the same dynamic-shape operators that triggered the deployment problem in
the first place. This compute reduction further establishes eBirdNet-Nano as the lowest-
GFLOPs entry in the entire YOLO group: at 5.8 GFLOPs it runs 24% below YOLOv9t (7.6),
the parameter-closest YOLO variant, and 28-30% below YOLOv8n and YOLOv10n (8.1
and 8.3 GFLOPs, respectively). Against YOLOv9t specifically, eBirdNet-Nano delivers a
further 47% parameter reduction and 24% compute reduction while keeping mAP@0.5
within 4.8 percentage points, demonstrating that the proposed operator-level redesign
extracts additional efficiency beyond what the latest nano YOLO variants already provide.
For practical bird-detection driven by object-level detection (mAP@0.5), eBirdNet-Nano’s
0.929—at the smallest parameter count and lowest GFLOPs in the group—meets the re-
quirements of typical field deployments.

The cross-paradigm picture is consistent. eBirdNet-Nano holds the smallest param-
eter count by a substantial margin: 3.9x fewer parameters than the closest lightweight
non-YOLO baseline (SSD-MobileNet-V2-FPNlite, 4.13 M), 3.7 x fewer than EfficientDet-
DO (3.90 M), and 27-30x fewer than the heavier Faster R-CNN, CenterNet, and SSD-
ResNet50 variants. Against SSD-MobileNet-V2-FPNlite specifically—the matched-accuracy
lightweight comparator—mAP@0.5 is identical (both 0.929) and mAP@0.5:0.95 differs by
only 0.3 percentage points (0.848 vs. 0.851) at roughly a quarter of the parameters. The
3.6-percentage-point mAP@0.5 gap to the strongest baseline, Faster R-CNN (0.965), is
exchanged for a 27 x parameter penalty and roughly 36 x higher GFLOPs (210.35 vs. 5.8),
an exchange that is inconsistent with the embedded-NPU deployment scenario targeted by
this work.

A note on baseline choice. We retain YOLOv12n as the architectural baseline because
it is the dynamic-shape operators introduced in v12 that motivate the entire transformation,
and the M0-M3 ablation in Section 5.3 is most cleanly read against that starting point. We
additionally include YOLOv8n and YOLOv11n in the cross-model latency comparison
(Section 5.4.1) because both are themselves NPU-friendly, which provides an independent
reference point for what “no transformation needed” looks like on the same hardware.
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5.3. Three-Level Ablation

Table 4 isolates the contribution of each transformation level on Macao-ebird-det. In
the analyses that follow we refer to the four cumulative configurations as M0 (unmodified
YOLOv12n baseline), M1 (operator replacement only, NPU operator replacement (NPU-
OR)), M2 (operator replacement plus channel-and-depth compression, NPU-OR + CDC)
and M3 (the full eBirdNet-Nano, NPU-OR + CDC + head equalization (HE)). Each subse-
quent row enables one additional transformation level on top of the previous row.

Table 4. Four-configuration ablation on Macao-ebird-det (FP32, 640 x 640).

Config Params (M) GFLOPs mAP@0.5 mAP®@0.5:0.95
MO (YOLOv12n) 2.56 6.3 0.972 0.936
M1 (NPU-OR) 241 7.4 0.943 0.880
M2 (NPU-OR + CDC) 1.36 6.2 0.930 0.849
M3 (eBirdNet-Nano, +HE) 1.05 5.8 0.929 0.848

The three transitions tell three different stories.

MO0 — M1 introduces the operator-level substitutions—SiLU — ReLU6, A2C2f — NPU-
(C3k2, C2PSA — NPU-SE-Block—and the parameter count drops by only 5.9%, while GFLOPs
rise by 17% (6.3 — 7.4). The reason is that dense convolutions produce a more structured
computational graph than sparse attention at the cost of slightly higher theoretical complexity.
Mean average precision (mAP) falls by 2.9 percentage points at the IoU = 0.5 threshold. Read
against the 1.78 x FP16 end-to-end latency improvement (2.10x on NPU-only inference time)
(Section 5.4.1), the trade-off is the central methodological observation of the paper: a 5.9%
parameter reduction together with an increase in FLOPs nonetheless yields the largest stage-
wise speedup, because the speedup is dominated by the elimination of CPU fallback rather
than by arithmetic compression.

M1 — M2 applies channel and depth compression. The parameter count falls sharply
by 44%, from 2.41 M to 1.36 M, while GFLOPs settle to 6.2 and mAP@0.5 moves only
from 0.943 to 0.930. The asymmetry indicates that the original model carries substantial
redundancy for the fine-grained recognition of 24 morphologically distinct species; a
deeper backbone offers no meaningful accuracy gain on this dataset while raising the risk
of overfitting on the limited training set.

M2 — M3 rebalances the detection head. Parameters drop by a further 23% and
GFLOPs settle at 5.8. Accuracy at mAP@0.5 falls by 0.001 and mAP@0.5:0.95 holds at 0.848.
The interpretation is that for distant, small bird targets the difficulty across the P3, P4 and
P5 scales is comparable, the unbalanced [256, 512, 512] allocation brings no differentiated
accuracy gain on this task, and balanced compression to 64 channels removes redundant
parameters at essentially no cost in accuracy.

5.4. Inference Latency on the RK3588 NPU
5.4.1. Cross-Model Latency Benchmark on RK3588

Table 5 places M3 in absolute terms by comparing it against five contemporary nano-
scale YOLO detectors. Each model is exported through RKNN-Toolkit2 v2.0 and bench-
marked at 320 x 320 on a single RK3588 NPU core.

Parameter efficiency. A useful derived quantity is INT8 throughput per million
parameters. eBirdNet-Nano (M3) reaches 35.62 FPS/M, followed by YOLOv12n at 13.83,
YOLOvV8n at 13.22, YOLOv11n at 12.66, YOLOvV9t at 12.42 and YOLOv10n at 9.82. The
2.58x lead over the runner-up is the table’s sharpest single result. The ratio matters
because the parameter count maps almost linearly to on-chip SRAM footprint and DRAM
bandwidth on heterogeneous SoCs.
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Table 5. Cross-model NPU inference latency on RK3588 (LubanCat-4), 320 x 320.

Model

Params (M)

FPS

Inf
(ms)

INTS @ 320
Total
(ms)

Stab
(%)

Jit
(ms)

FPS

Inf
(ms)

FP16 @ 320
Total
(ms)

Stab
(%)

Jit

(ms)

YOLOv8n

YOLOv9t
YOLOv10n
YOLOv1ln
YOLOv12n (M0)
eBirdNet-Nano (M3)

3.01
1.98
2.73
2.59
2.56
1.05

39.8
24.6
26.8
32.8
354
37.4

12.93
26.03
29.24
18.57
14.47
13.83

25.11
40.58
37.38
30.47
28.22
26.76

83.4
73.0
86.5
83.5
87.6
89.5

10.20
15.51
14.49
9.59
7.24
8.57

423
14.8
15.2
16.4
10.6
31.5

17.60
53.74
57.01
45.17
78.94
24.29

23.62
67.57
65.85
61.06
94.20
31.71

90.3
85.9
87.1
747
85.0
64.8

8.25
28.63
26.08
35.88
52.65
22.99

Note: Inf = NPU inference time. Jit = Jitter.

Latency stability. Under INT8, M3 reaches the highest Stab% in the table (89.5%,
1.9 percentage points above YOLOv12n). The structural explanation comes from utilization:
M3, YOLOv8n and YOLOv12n all spend roughly 51% of total frame time on the NPU itself,
indicating that none of their operators fall back to the CPU. Jitter is dominated by CPU-
NPU dispatch overhead, and a fully NPU-resident graph removes most of that overhead.
The contrast with FP16 is sharp. Under FP16, YOLOv12n’s NPU latency balloons from
14.47 ms to 78.94 ms because at FP16 the dynamic-shape operators that were folded into
INTS calibration are no longer absorbed; M3, in contrast, holds at 24.29 ms.

Latency—parameter trade-off. In the design space defined by NPU inference latency
and parameter count, M3 occupies the lower-left corner under both precisions—a region
that no YOLO baseline reaches. At INT8, M3 runs at 13.83 ms with 1.05 M parameters,
0.90 ms behind YOLOv8n’s 12.93 ms (which carries 2.87 x more parameters) and 0.64 ms
ahead of YOLOv12n. At FP16, the gap to YOLOv8n widens to 6.7 ms (38%), but the more
telling number is the MO — M3 reduction: FP16 NPU latency drops from 78.94 ms to
24.29 ms, a 3.25x improvement.

Two caveats need to be stated explicitly. First, YOLOvVSn is a stronger NPU-side
competitor than YOLOv12n; treating it (and YOLOv11n) as separate references rather than
as the primary baseline is the right way to read the speedup figures we report. Second,
the conclusion that M3 sits at the Pareto-optimal corner is tied to the operator-support
matrix of RKNN-Toolkit2 v2.0; a future toolchain that adds dynamic-shape support would
shift the boundary, and the conclusion in this paper should be read with that toolchain
version explicit.

5.4.2. Stage-Wise NPU Latency and Quantization Decomposition

The acceleration factors quoted in the Abstract are derived from per-stage FP16 NPU
measurements on the same RK3588 board. Table 6 reports NPU inference time, end-to-end
total time, FPS, latency stability, and jitter for each of the four ablation configurations
MO0-M3 at 320 x 320.

Table 6. Stage-wise NPU inference behavior on RK3588 (LubanCat-4) for the four-configuration
ablation. FP16 precision, 320 x 320 input, single NPU core, mean values over 100 frames after a
10-frame warm-up. Speedup is computed against MO within the same column.

Conlfig

Params
™M)

GFLOPs

Inf
(ms)

Total
(ms)

FPS

Stab
(%)

Jit

(ms)

Inf
X vs. M0

MO (YOLOv12n)

M1 (NPU-OR)

M2 (NPU-OR + CDC)
M3 (eBirdNet-Nano)

2.56
241
1.36
1.05

6.3
74
6.2
5.8

78.94
37.63
19.62
24.29

94.20
53.03
25.53
31.71

10.6
18.9
39.2
31.5

85.0
65.2
68.3
64.8

52.65
25.44
10.06
22.99

1.00x
2.10x
4.02x
3.25x%
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Stage-wise architectural dynamics. Three observations emerge from the FP16 ablation:
First, the operator-replacement step alone My to M; delivers a 2.10x NPU speedup (78.94
to 37.63 ms) despite a 17% increase in theoretical FLOPs. This confirms that relocating
the SiLU, A2C2f, and C2PSA nodes from the CPU back to the NPU eliminates a dispatch
overhead that heavily outweighs the arithmetic cost of denser convolutions. Second,
the remaining stages compound on a fully NPU-resident graph and behave as standard
arithmetic compression predicts. M; to M, delivers a further 1.92x speedup with a 44%
parameter cut, while M to M3 trades a marginal amount of pure NPU throughput (0.81x)
for crucial stability improvements. The cumulative FP16 NPU speedup from MO0 to M3 is
3.25x. Third, latency stability is non-monotonic: dropping from 85.0% to 65.2% during
intermediate compression (M1, M2), but restored to a robust operating point by the final
head-equalization step in M3 (rising to 89.5% under INT8, as shown in Table 5).

Disentangling architectural and quantization speedups. Cross-referencing the baseline
(MO) and eBirdNet-Nano (M3) across precisions in Table 5 isolates the source of the final
acceleration. The end-to-end speedup from MO0-FP16 to M3-INT8 decomposes into a
dominant architectural factor (2.97x) and a minor quantization factor (1.19x), whose
product (2.97 x 1.19 ~ 3.54x) matches the measured 3.53x total gain. Conversely, the
baseline’s massive 3.34 x quantization speedup merely reflects its inefficient FP16 starting
point burdened by CPU fallbacks. Even after INT8 calibration, the baseline’s pure NPU
time (14.47 ms) trails eBirdNet-Nano (13.83 ms), confirming that operator-aware redesign
fundamentally dictates the latency floor.

Per-level attribution summary. Reading these transitions together reveals distinct
deployment roles across the optimization stack: operator substitution (Mo — M;) acts as
the primary latency lever by eliminating CPU fallbacks; module compression (M; — Mp)
provides parameter economy (44% reduction) with minimal accuracy loss; and head
rebalancing (M, — M3) restores latency stability. Ultimately, structural NPU compliance
governs edge real-time performance far more than numerical precision scaling.

5.4.3. Board-Level Power and Per-Frame Energy

For a battery-powered field terminal, however, latency alone is not sufficient: the same
workload must also fit within an energy envelope that determines how long the device can
run between charges. This section therefore reports steady-state power draw and per-frame
energy consumption on the same hardware, measured through the cumulative energy
integration protocol of Section 4.3. Table 7 summarizes the results under INT8 at both
deployment resolutions (320 x 320 and 640 x 640).

Table 7. Power and energy consumption on the RK3588 (INT8). Hardware idle power Pgjo = 1.17 W
is identical across all conditions and omitted.

Method Resolution Py (W) AP (W) FPS Etrame (m]) 71 (FPS/W)
MO (YOLOvV12n) 320 x 320 1.48 0.31 354 41.85 23.90
M3 (eBirdNet-Nano) 320 x 320 1.54 0.37 37.4 41.14 24.30
MO (YOLOvV12n) 640 x 640 1.85 0.68 7.8 237.80 4.21
M3 (eBirdNet-Nano) 640 x 640 1.62 0.45 14.7 110.18 9.08

Note: Bold indicates the best value within each resolution group.

Two patterns stand out. At 320 x 320 the two models land essentially on top of each
other in efficiency: Pi,¢ for eBirdNet-Nano is marginally higher (1.54 vs. 1.48 W), but its FPS
is also higher (37.4 vs. 35.4), and the two effects cancel—E,,\e differs by only 1.7% and
by 1.7%. Under INTS8, both models execute entirely on the NPU at 320 x 320 with no CPU
fallback, so the remaining gap at small resolution sits within measurement noise.
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At 640 x 640 the picture changes sharply. The proposed model draws 12% less to-
tal power (1.62 vs. 1.85 W), its inference-induced net power AP drops by 34% (0.45 vs.
0.68 W), and FPS almost doubles (14.7 vs. 7.8). These effects compound: Eg.,me falls by
54% and 7 rises by 2.16 x. The same mechanism identified in the latency analysis is at
work here—the baseline’s dynamic-shape operators fall back to the CPU at 640 x 640 once
the activation memory exceeds a certain threshold, and pulling the A76 big cores into the
loop is both slower and considerably more power-hungry than keeping the NPU multiply—
accumulate (MAC) array exclusively engaged. What appears in the latency comparison as
a 1.9x speedup shows up simultaneously as a 54% drop in per-frame energy.

5.5. Cross-Architecture Platform Comparison

Section 5.4.1 established eBirdNet-Nano on the RK3588 NPU and Section 5.4.2 isolated
the contributions of architecture. This section moves the same model across architectures—
NPU-accelerated RK3588, ARM-CPU Raspberry Pi 4B, RISC-V LicheePi 4A—to test whether
the design choices generalize beyond their primary deployment target.

5.5.1. Protocol

All configurations are profiled at a deployment resolution of 320 x 320. Baseline
precisions match native hardware capabilities: FP16 for the RK3588 NPU, INT16 for the
K230 KPU, and FP32 for the CPU-only boards (Raspberry Pi 4B and LicheePi 4A).

Crucially, the exact same calibration benchmark—comprising 200 stratified images
randomly sampled across the 24 species from the Macao-ebird-det dataset—is utilized
across all four heterogeneous platforms. This uniform calibration eliminates dataset
bias, isolating compiler-side quantization mechanics. NPU/KPU measurements follow
the benchmark setup described in Section 5.4, while CPU latencies are averaged over
100 frames after a 10-frame warm-up.

5.5.2. Results and Findings

Absolute throughput and cross-vendor generalization. Looking at the absolute
throughput in Table 8, two observations establish the deployment reality. First, the direc-
tional lead holds universally: M3 produces lower total latency than MO in every one of the
eight platform—precision configurations. Second, the M3-INT8 endpoint reveals indepen-
dent hardware gaps spanning an order of magnitude. The RK3588 NPU reaches 37.4 FPS at
the top of the range. The K230 KPU reaches 10.2 FPS—accelerator-class but constrained by
shared DRAM bandwidth between the image signal processor (ISP) and the knowledge
processing unit (KPU) rather than KPU compute itself; critically, the MO — M3 architectural
step still transfers, with KPU-only inference dropping from 72.49 ms (MO0) to 37.50 ms
(M3)—a 1.93x speedup that closely tracks the 2.10x FP16 speedup measured on RK3588
(Table 6, MO — M1), direct evidence that the architectural lever generalizes across NPU ven-
dors and toolchains (nncase versus RKNN-Toolkit2). The Pi 4B reaches 17.7 FPS on mature
NEON SIMD vectorization alone, and the LicheePi 4A reaches only 2.3 FPS, bounded by the
maturity of the T-Head C910 RVV backend. The 2.1 x NPU-to-ARM gap (RK3588 — Pi 4B)
quantifies what fixed-function silicon buys over mature ARM cores; the 7.7 x ARM-to-RISC-
V gap (Pi 4B — LicheePi 4A) quantifies what a mature SIMD-vectorizing backend (NEON)
buys over an early-generation one (T-Head C910 RVV). Platform selection within the edge
Al class spans an order of magnitude in absolute capability.
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Table 8. Cross-architecture inference comparison at 320 x 320.
MO (YOLOv12n) M3 (eBirdNet-Nano)

Platform Precision
Inf (ms) Total (ms) FPS Inf (ms) Total (ms) FPS
RK3588 (RKNN) FP1l6 78.94 94.20 10.6 24.29 31.71 31.5
INTS8 14.47 28.22 354 13.83 26.76 374
K230 (kmodel) INT16 75.65 137.17 7.3 36.80 97.77 10.2
INT8 72.49 133.58 7.5 37.50 98.29 10.2
Pi 4B (ONNX) FP32 147.65 156.16 6.4 92.65 100.96 9.9
INTS 70.36 78.34 12.8 48.50 56.45 17.7
LicheePi 4A (ONNX) FP32 856.94 867.69 1.2 758.43 772.57 1.3
INTS8 729.53 742.29 1.3 430.26 443.74 2.3

Note: Inf = NPU/KPU/CPU inference time. Each platform is evaluated at two precisions: a baseline precision
matching the platform’s highest natively supported precision (FP16 for RK3588, INT16 for K230, FP32 for Pi 4B
and LicheePi 4A), and INTS8. Bold marks the per-platform best configuration.

Sources of the platform-specific speedup. While Table 8 shows that M3 is always faster,
Figure 8 makes concrete that the source of that speedup shifts dramatically depending on
the hardware architecture. As seen in Figure 8a, the architectural redesign yields a mas-
sive 2.97x speedup on the RK3588 NPU at FP16—the largest single-step gain anywhere
in the analysis. On the other three platforms the same step delivers a substantially nar-
rower band of improvement: 1.36x-1.40x on the K230 KPU, 1.39x-1.55x on RPi 4B, and
1.12x-1.67x on LicheePi 4A. This asymmetry proves our central hypothesis: the architectural
redesign specifically targets and exploits a discrete inefficiency—operator fallback to the host
CPU—that exists only on the RK3588 NPU compiler path. Once that specific bottleneck
is replaced by something else—ISP-to-KPU bandwidth on K230, or raw FLOPs and SIMD
throughput on a general-purpose CPU—the room for architectural speedup naturally shrinks.

The drop on the NPU side has its own structural reason. Section 5.4.2 already de-
composed this within the RK3588, but only for M3 (a 1.19x quantization gain). Figure 8b
widens the view by adding the MO column on the same NPU and the M0/M3 columns on
the other three platforms. The RK3588 M0 quantization gain is 3.34 x—the largest in the
figure—while M3 is only 1.19x. The RKNN INT8 toolchain independently restructures
the operator graph during calibration, absorbing much of the operator-fallback ineffi-
ciency the architectural redesign was designed to remove; once absorbed, the room left
for the architectural step shrinks to almost nothing. The two optimizations are partial
substitutes on the NPU. K230 sits at the opposite extreme of the figure: both MO and M3
quantization speedups collapse to near unity (1.03x/0.99 x), because INT8’s arithmetic
saving cannot translate into end-to-end speedup when the binding bottleneck is memory
bandwidth rather than MAC density. On both CPU platforms the MO and M3 quanti-
zation speedups stay close (1.99x /1.79x on the Pi; 1.17x /1.74x on the LicheePi) and
act on a bottleneck—single-instruction multiple-data multiply-accumulate (SIMD-MAC)
density—the architectural step does not touch, so the two compose roughly multiplicatively.

The combined reading of Table 8 and Figure 8 translates into clear deployment heuristics.
On an NPU (RK3588), the operator graph is the primary lever—Figure 8a shows it delivers the
foundational gain that quantization alone cannot physically relocate. On a bandwidth-bound
KPU (K230), the operator graph still applies but requires data-path engineering to translate
the on-chip gain into end-to-end speedup, since INT8 quantization saves essentially nothing
on its own (Figure 8b). On a mature ARM CPU (Pi 4B) where operator fallback is not the
bottleneck, the architectural lever shrinks and INT8 quantization becomes the practical first
step. On a first-generation RISC-V CPU (LicheePi 4A), absolute frame rate is bounded by the
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maturity of the vectorizing backend rather than by the model—eBirdNet-Nano runs natively
without modification, confirming cross-platform portability.
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Figure 8. Speedup decomposition of eBirdNet-Nano across the four platforms, computed from the
Total column of Table 8: (a) architectural speedup Ty / T3 at matched precision; (b) quantization
speedup Thaseline/ TinTs at matched model.

5.5.3. Deployed-Accuracy Implications Across Deployment Platform and Toolchains

Table 9 reveals that toolchain choice also affects per-class accuracy distribution, not
only end-to-end latency.

Table 9. Per-class deployed mAP@0.5 of eBirdNet-Nano across the FP32 reference and three INT8
deployment toolchains.

Class Instances (Inst.) FP32 INT8 ONNX INT8 kmodel INT8 RKNN
”  (PyTorch, PT) (Pi4b/LicheePi 4A) (K230) (RK3588)
All classes 1447 0.883 0.858 0.837 0.736
Platalea leucorodia 53 0.705 0.676 0.615 0.590
Platalea minor 53 0.710 0.604 0.692 0.548
Limnodromus semipalmatus 45 0.754 0.709 0.628 0.700
Numenius arquata 51 0.831 0.775 0.849 0.690
Circus spilonotus 82 0.833 0.764 0.762 0.679
Falco amurensis 55 0.846 0.848 0.797 0.709
Falco tinnunculus 54 0.854 0.837 0.847 0.750
Calidris tenuirostris 45 0.871 0.818 0.766 0.722
Pandion haliaetus 56 0.872 0.869 0.834 0.732
Accipiter nisus 62 0.875 0.845 0.824 0.700
Calidris falcinellus 50 0.877 0.841 0.826 0.793
Milvus migrans 77 0.884 0.838 0.772 0.746
Elanus caeruleus 61 0.889 0.897 0.842 0.721
Merops philippinus 62 0.911 0.895 0.881 0.798
Garrulax canorus 54 0.912 0.898 0.922 0.753
Centropus sinensis 56 0.916 0.928 0.828 0.676
Arenaria interpres 50 0.937 0.909 0.921 0.820
Egretta eulophotes 65 0.943 0.914 0.869 0.764
Egretta sacra 75 0.944 0.947 0.896 0.813
Hydrophasianus chirurqus 50 0.953 0.957 0.930 0.800
Leiothrix argentauris 71 0.953 0.924 0.896 0.718
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Table 9. Cont.
c1 Instances (Inst.) FP32 INT8 ONNX INT8 kmodel INT8 RKNN
ass stances TNSL) (PyTorch, PT)  (Pi 4b/LicheePi 4A) (K230) (RK3588)
Leiothrix lutea 76 0.972 0.947 0.938 0.765
Halcyon smyrnensis 67 0.977 0.975 0.974 0.925
Calliope calliope 77 0.979 0.968 0.975 0.760

Note: Bold indicates the aggregate all-class result. All measurements at 320 x 320 on the same Macao-ebird-det
test split. FP32 (pt model) : PyTorch reference at deployment resolution.

Per-class evaluation shows that under ONNX Runtime hybrid INT8 and nncase
INTS, the FP32 bottom-tier ranking is preserved with proportional drops. Under RKNN-
Toolkit2 v2.0 INT8 (RK3588), the deployed accuracy distribution differs: eight species show
per-class drops above 15 pp, including five (Leiothrix argentauris, Leiothrix lutea, Calliope
calliope, Centropus sinensis, Garrulax canorus) that the other two INT8 toolchains preserve at
near-FP32 accuracy. The morphological-confusion bottom tier (Platalea pair, Limnodromus
semipalmatus) is preserved across all four precisions. The instance-count vs. mAP@0.5
correlation is weakly positive at the FP32 reference and weakens further under RKNN
INTS, indicating that no systematic bias exists toward rare species or less-frequent classes
in either the morphological-confusion bottom tier or the toolchain-specific drops.

The residual gap therefore decomposes into a model-intrinsic morphological-similarity
component (preserved across all precisions) and a toolchain-specific component that is
recoverable through post-deployment toolchain choice: two of the three INT8 pipelines
evaluated (ONNX Runtime hybrid INT8, nncase) preserve near-FP32 accuracy across the
full class set, and the RKNN-specific drops on the affected passerine classes are addressable
by selecting a finer-grained PTQ pipeline rather than by redesigning the model.

5.5.4. Multi-Platform Latency—Accuracy Trade-Off

To provide a comprehensive, on-device visualization of the hardware-software co-
design space, Figure 9 plots the measured end-to-end throughput (FPS, log scale) against
the actually-deployed mAP@0.5 across all four heterogeneous edge platforms. Crucially,
rather than relying on theoretical offline FP32 accuracy proxies, this trade-off curve utilizes
the empirical accuracies evaluated directly on the compiled quantized binaries running on
the target hardware.

As illustrated in Figure 9, the proposed eBirdNet-Nano (M3, circles) consistently shifts
to the right of the YOLOv12n baseline (M0, squares) across every single evaluated platform.
This consistent horizontal shift represents a tangible, deployable throughput gain. On
the high-performance Rockchip RK3588, M3 achieves the absolute highest throughput in
the evaluation at 37.4 FPS. Although the RKNN compiler imposes a more pronounced
quantization drop on M3 (0.736 mAP) compared to MO (0.876 mAP) due to its strict integer
quantization mapping of the customized blocks, M3 compensates by unlocking a full
real-time frame rate.

On the resource-constrained Kendryte K230, M3 achieves a highly efficient 10.2 FPS
(a 1.36x speedup over M(’s 7.5 FPS) while preserving a robust deployed accuracy of
0.837 mAP. On general-purpose CPU platforms (Pi 4B and LicheePi 4A), where operator
fallbacks are not the binding bottleneck, M3’s parameter-shrunk backbone still yields
substantial throughput improvements (e.g., reaching 17.7 FPS compared to M0’s 12.8 FPS
on Pi 4B). This multi-platform trade-off analysis confirms that eBirdNet-Nano successfully
pushes the Pareto-efficient boundary for low-power edge terminal deployment.

https://doi.org/10.3390/ electronics15132877


https://doi.org/10.3390/electronics15132877

Electronics 2026, 15, 2877

25 of 32

0.95 A

0.90 A

0.85 A

0.80 A

Deployed mAP@0.5 on Macao-ebird-det

0.75 A

. LicheePi 4A D Pi 4B

ONNX INT8 hybrid ONN

@ M3 (eBirdNet-Nano)
MO (YOLOv12n)

. K230 RK3588
LicheePi 4A kmodel INT8 Pi 4B . RKNN INT8

. ONNX INT8 hybrid O ON NT8
K230
. kmodel INT8

RK3588
RKNN INT8

0-70 T
10°

161
End-to-end throughput (FPS)

Figure 9. Latency—accuracy trade-off across deployment toolchains at 320 x 320 resolution.

5.6. System-Level Deployment on the EbirdEye Terminal

Sections 5.4.1-5.4.3 show that eBirdNet-Nano clears the latency, stability and energy
budgets on a development board under a controlled benchmark loop. Field-deployment
real-time, however, is a stronger claim: it requires the same throughput once the board is
wrapped into a complete terminal with capture, display, multi-threading and a battery-
bound power envelope. This section reports field-measured runtime on the EbirdEye
terminal, an RK3588s-based observation node whose architecture is shown in Figure 10.

The terminal pairs the LubanCat-RK3588s board (RK3588s SoC, 4 GB LPDDR4, 32 GB
eMMC, Debian 11) with three optical paths tuned for different observation ranges—a
short-range MIPI-CSI module (OV8858,0mniVision Technologies, Inc., Hong Kong, China),
a mid-range USB UVC camera (SPCA22381 + OV2735, Shenzhen Jinyang Century Tech-
nology Development Co., Ltd., Shenzhen, China), and a long-range CSI-plus-telescope
adapter—together with a 5.5-inch MIPI touchscreen for on-site control, an HDMI 2.0 moni-
tor output for external display, and a 4G LTE/global navigation satellite system (GNSS)
MiniPCI-E module (EC20) for data uplink and time/location synchronisation. The terminal
is powered by a 15,600 milliampere-hour (mAh)/5 V lithium battery with optional 20 W
solar augmentation. The three optical paths share a common inference pipeline running
eBirdNet-Nano through RKNN-Toolkit2 v2.0 in single-NPU-core mode; the field-runtime
numbers reported below are measured on the mid-range UVC path, which is the config-
uration used most often during outdoor sessions. After a 10-frame warm-up and 30 s
of cold-start transients, statistics were aggregated over a steady-state window of more
than 120 s. The analysis covers two axes: a per-thread runtime breakdown under live
capture, and a system-level power and endurance budget that ties laboratory throughput
to deployable field runtime.
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Figure 10. Hardware architecture of the EbirdEye terminal.

5.6.1. Per-Thread Runtime Behavior Under Live Capture

We first examine how the end-to-end frame time is realized at the thread level. In the
deployed runtime the camera, inference and display threads advance independently and
need not share a common cadence, so three frame rates and four latency components are
tracked separately. The results, recorded on the LubanCat-RK3588s at 320 x 320 FP16 over
a steady-state window of more than 120 s, are summarized in Table 10.

Table 10. Field-measured runtime statistics of the EbirdEye terminal (LubanCat-RK3588s, 320 x 320,
FP16; steady-state window > 120 s, mean values).

Metric Value Description

capFPS ~14.3 FPS Camera frame acquisition rate.

infFPS ~42.3 FPS Maximum inference throughput (no blocking).

dspFPS ~6.1 FPS Display refresh rate limited by graphical user interface
(GUI) rendering.

Latency (end-to-end) ~23.5 ms Total time from frame capture to result output.

Pre-processing ~4.4 ms Input preparation including resize and normalisation.

NPU inference ~18.3 ms Forward pass execution on the NPU accelerator.

Post-processing ~1.0 ms Decoding and NMS operations on CPU.

Several patterns emerge from these numbers. The inference path sustains about
42.3 FPS on average with an end-to-end latency of roughly 23.5 ms, of which 18.3 ms
(~=78%) is spent on the NPU itself, 4.4 ms on pre-processing and 1.0 ms on post-processing.
These on-device numbers are directionally consistent with the bench result reported in
Section 5.4.1 for the same model and precision (24.29 ms NPU mean/31.71 ms total at
320 x 320 FP16, configuration M3); the small residual gap reflects the difference between
a controlled single-image benchmark loop and a live capture pipeline. The per-frame
NPU latency fluctuates only within roughly +2 ms around its mean across the entire 120 s
observation window, which confirms that the static-shape design of eBirdNet-Nano keeps
the graph fully resident on the NPU and prevents CPU-side operator fallback or scheduling
jitter from leaking into the steady state.

The three observed frame rates differ by roughly one order of magnitude, which is the
expected signature of three decoupled processing stages rather than a sign of contention.
The camera path is bounded by the configured image signal processor (ISP) cadence to
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14.3 FPS on average; the inference path consumes the latest captured frame on demand
and runs as fast as the NPU allows, reaching 42.3 FPS—about 3x the capture rate, meaning
a freshly captured frame is consumed well before the next one arrives, while inference
never blocks acquisition; the display path is rate-limited to 6.1 FPS by the user interface (UI)
refresh interval, kept deliberately low so that GUI repaint does not compete with inference
for memory bandwidth. The relation infFPS > capFPS > dspFPS is the operational
evidence that perception, inference and rendering are genuinely decoupled. The average
end-to-end latency of 23.5 ms sits well within the 33 ms (30 FPS) real-time threshold
conventionally adopted for industrial vision pipelines, and the per-frame value never
exceeds this threshold by a meaningful margin during the entire observation window. The
“real-time” claim made for EbirdEye in this work is therefore a quantitative rather than
nominal statement: it is measured in the field, on the deployed hardware.

5.6.2. System-Level Power and Endurance

Real-time inference is only useful in the field if the hardware that delivers it can
run long enough to be useful. To complete the deployment profile, the total system
power of the EbirdEye terminal—including the RK3588s board running eBirdNet-Nano
at 320 x 320 FP16, the mid-range USB UVC camera and the 5.5-inch MIPI capacitive
touchscreen—was recorded with the same FNB58 Universal Serial Bus Type-C (USB-C)
inline meter under the same steady-state conditions as Table 7. The results are summarized
in Table 11.

Table 11. System-level power and endurance of the EbirdEye terminal in field configuration
(LubanCat-RK3588s, 320 x 320 FP16, eBirdNet-Nano).

Item Value

Idle power P,4j (board only, no inference) 1.17W

Total system power Py, (camera + screen + inference) 5.77 W

Battery capacity 15,600 mAh @ 5V (78 Wh)
Continuous runtime (battery only) ~13.5h

Solar charging power ~20W

On the RK3588s, the total system power of 5.77 W under continuous inference yields
about 13.5 h of autonomous runtime on a single charge of the 78 Wh battery, which
covers a full daylight monitoring cycle in the field (typically 12-13 h between sunrise
and sunset in Macao). With a supplementary solar panel rated at ~20 W—comfortably
exceeding the 5.77 W steady-state draw—the terminal can in principle sustain indefinite
daylight operation, with the battery acting as a buffer for nighttime and overcast periods.
The 4.6 W gap between P,gje and Py, is dominated by the screen and the UVC camera
rather than by the NPU itself, which is consistent with the highly efficient operating point
already characterized in Table 7 (1.54 W Py ¢ for board-level inference at 320 x 320). For
deployments that do not require on-site visual feedback—for example, headless detection
nodes uploading only species labels—disabling the screen would push runtime well past
24 h; this configuration is left as a deployment option rather than as a separate experiment.

Taken together, the per-thread runtime breakdown (Table 10) and the system-
level power budget (Table 11) establish two things that the board-level numbers in
Sections 5.4.1-5.4.3 alone could not. First, the EbirdEye terminal is real-time on the chosen
hardware, and that real-time figure is delivered end-to-end at the thread level rather than by
the NPU alone—the ~23.5 ms latency is what the user sees, not just what the NPU produces.
Second, the resulting throughput can be sustained for a full daylight cycle on a battery
and, under solar augmentation, indefinitely, which closes the gap between “real-time”
as a benchmark claim and “real-time” as a field-deployment property. The board-level
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efficiency figures of Section 5.4.3 carry over to the integrated terminal essentially intact: the
NPU’s 1.54 W operating point sits well below the camera-and-screen overhead, so adding
peripherals does not undo the energy advantage that the operator-friendly architecture
earns at the silicon level.

5.7. Inference Visualization on Real-World Images

This section visualizes the model’s inference results on real-world images captured
along the riverbank near the University of Macau, with all inferences performed on the
EbirdEye terminal at FP16 precision. Figure 11 presents six representative examples: three
for the flagship species Platalea minor (Black-faced Spoonbill) under different conditions,
and three for other priority species from the Macao-ebird-det dataset. The six examples

cover the main scenarios that show up in field monitoring, and the detector handles them
all successfully.

elanus_caeruleus 0.97

(®)

Figure 11. Inference visualization of eBirdNet-Nano on real-world images captured along the

riverbank. Source images courtesy of Jodo Monteiro. (a) Platalea minor—side view walking; (b) Platalea
minor—flight pose; (c) Platalea minor—cluttered background; (d) Numenius arquata on intertidal flat;
(e) Egretta eulophotes foraging; (f) Elanus caeruleus in flight.

The three Platalea minor images (a—c) are the most instructive. Case (a) shows the
species in a clean side-view walking posture, where the diagnostic spatulate bill is fully
visible against a plain mudflat background—effectively the easiest case. Case (b) captures
the same species in flight with wings fully spread, a completely different outline from (a).
Case (c) pushes difficulty further by combining an in-flight breeding adult with a cluttered
reed background. Confidence scores remain high across all three poses (0.92, 0.87, 0.89),
and the species label stays correct throughout. This matters in practice because bird posture
and background in the wild are never something the camera operator can control, and a
detector that only works on canonical poses would be of limited operational use.

Among the bottom row, the case worth calling out is (d). The Numenius arquata has
brown, streaked plumage that blends almost seamlessly into the mottled intertidal substrate,
and to the human eye the bird takes a second to spot. The model still produces a confident
(0.92) and tightly fitted bounding box. This is a meaningful test of the channel/depth-
compressed backbone: a more aggressive compression would be expected to lose exactly
this kind of fine-grained texture sensitivity, yet the compressed network preserves enough
of it to separate the bird from a color-matched background. The remaining cases (e) and
(f) confirm the same conclusion under easier conditions, with per-detection model output
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confidence scores (class probability x objectness) of 0.95 (e) and 0.97 (f), respectively. Taken
together with the quantitative results of the preceding sections, these examples show that
eBirdNet-Nano's efficiency gains do not translate into visibly worse detection.

6. Conclusions and Future Work

This paper presented eBirdNet-Nano, a 1.05-million-parameter detector for endangered-
bird monitoring on heterogeneous edge SoCs, derived from the YOLOv12n baseline through
a three-level NPU-friendly transformation acting at the operator (NPUConv), module
(NPU-C3k2 and NPU-SE-Block), and detection-head (balanced 64-channel output and
reg-max = 1) levels. The resulting model attains an mAP@0.5 of 0.929 on the curated Macao-
ebird-det dataset and, on a Rockchip RK3588 NPU under INT8 quantization, achieves
13.83 ms NPU inference latency and 26.76 ms end-to-end latency per frame at 37.4 FPS,
together with 89.5% latency stability, 24.30 FPS per watt (FPS/W) energy efficiency at
320 x 320, and a 54% reduction in per-frame energy consumption at 640 x 640 relative to
the YOLOv12n baseline. Integrated into the EbirdEye terminal—a LubanCat-RK3588s-
based observation node equipped with UVC capture, a MIPI touchscreen, and a 78 watt-
hour (Wh) battery pack—the same model sustains 23.5 ms thread-level end-to-end latency
during live operation while supporting approximately 13.5 h of autonomous runtime
per charge.

More fundamentally, the central contribution of this work lies in the deployment-
oriented methodology revealed through systematic ablation analysis. A four-stage ablation
study conducted on Macao-ebird-det demonstrates that operator type rather than pa-
rameter count is the dominant factor governing NPU inference efficiency under current
consumer deployment toolchains. Specifically, a modest 5.9% parameter reduction in-
troduced solely through operator replacement yields a 1.78 x FP16 end-to-end speedup
(2.10x on NPU-only inference time), while the architectural optimization factor (2.97 x) and
INT8 quantization factor (1.19 x) compose multiplicatively to yield the measured 3.53 x end-
to-end speedup. Cross-architecture profiling further reinforces this observation from the
opposite direction: when the hardware bottleneck shifts from operator scheduling on NPUs
to raw single-instruction multiple-data multiply—accumulate (SIMD-MAC) throughput on
ARM and RISC-V CPUs, the architectural advantage correspondingly diminishes and INT8
quantization becomes the dominant optimization mechanism. The practical implication
is therefore clear: when a lightweight detector fails to satisfy real-time requirements on
an edge NPU, the first optimization target should be the operator graph and execution
compatibility rather than merely reducing channel counts or applying more aggressive
quantization schemes.

While our results validate the efficiency of eBirdNet-Nano, several limitations nat-
urally suggest directions for future work: (i) The most immediate concern is dataset
expansion. Macao-ebird-det currently covers 24 species with annotations generated us-
ing Grounding DINO and subsequently verified manually; extending the dataset toward
broader Pearl River Estuary avifauna coverage, together with a fully expert-annotated
consistency evaluation on a held-out subset, will allow residual annotation bias to be quan-
titatively characterized rather than qualitatively acknowledged. (ii) Bridging the accuracy
trade-off of our lightweight network motivates future investigation into complementary
compression strategies operating below the operator-graph level—such as QAT, structured
channel sensitivity pruning, and knowledge distillation from larger YOLOv12 teacher
models—which compose additively to recover accuracy while fully preserving our NPU-
resident latency profile. (iii) Automating the proposed three-level transformation as com-
piler passes represents a key technical objective: current open infrastructure (Tensor Virtual
Machine, TVM; Multi-Level Intermediate Representation-Intermediate Representation Exe-
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cution Environment, MLIR-IREE) and proprietary toolchains (RKNN, nncase) do not yet ex-
pose extensible operator-support-matrix matching, leaving room for an ‘NPU-friendliness
linter” that proposes L1/L2 substitutions against a target manifest. (iv) Broadening hard-
ware generalization is crucial to validating the framework’s scalability. While Section 5.5
validates the methodology on both the RK3588 NPU and the Kendryte K230 KPU, ex-
tending it to other accelerator families—Qualcomm Hexagon NPU, MediaTek application
processing unit (APU), Intel/Movidius vision processing unit (VPU), or future toolchains
adding dynamic-shape support—will further characterize how the operator-graph leverage
point varies across operator-support matrices and compiler ecosystems. (v) Although
eBirdNet-Nano was developed specifically for regional endangered-bird monitoring, the
core backbone and module-level transformations remain task-agnostic. Evaluating zero-
shot transfer or training under our operator-aware pipeline on broader, large-scale object
detection benchmarks such as MS COCO or VisDrone will help characterize how these
NPU-resident design principles scale as the class cardinality and scene diversity increase.
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