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Generation-detection unified method for giant panda object detection
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Abstract: Objective Giant pandas serve as a flagship species for global biodiversity conservation and play a key role in
assessing ecosystem integrity and conservation effectiveness. Accurate and reliable detection of giant pandas in camera-trap
images is thus essential for long-term wildlife monitoring, population assessment, and adaptive management of protected
areas. In recent years, deep learning-based object detection algorithms have demonstrated remarkable success. However,
directly deploying general-purpose detection models in wild scenarios remains challenging due to two fundamental issues.

First, giant pandas are rare species, and acquiring large volumes of high-quality, finely annotated training data from the
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wild is extremely costly, time-consuming, and often impractical. Second, there exists a substantial domain gap between
commonly used pre-training datasets and unconstrained camera-trap images captured in natural habitats. To alleviate data
scarcity and improve robustness in wild environments, we propose a unified generation—detection method termed PandaGen-
Det. Method Rather than treating data augmentation and detection as independent components, the core idea of PandaGen-
Det is to improve detection robustness through multi-level collaboration between generative and discriminative models. Spe-
cifically, PandaGenDet consists of three complementary components operating at different representational levels. First, at
the data level, we introduce a class-conditioned image generation module equipped with a Category-guidance Mechanism.

This mechanism explicitly incorporates semantic category information into the generative process, guiding the synthesis of
panda images with improved semantic consistency and target realism, making them more suitable as high-quality supple-
mentary training samples. Second, at the image level, we design an Image Enhancer module to reduce the domain discrep-
ancy between wild camera-trap images and the visual priors learned from large-scale pre-training datasets. The Image
Enhancer is implemented as a modular and easily integrable component that performs a learnable image-level mapping prior
to detection. By adaptively reshaping low-level and mid-level image statistics, this module maps target-domain images to
representations that are more compatible with the detector’s pre-trained weights, without requiring any modification to the
detector architecture. During training, the Image Enhancer and the detector are jointly optimized in an end-to-end manner,
with all detector parameters fully fine-tuned from their pre-trained initialization. Third, at the feature level, we propose a
Generative Feature Injector, which leverages the trained generative model as a multi-scale feature extractor. Hierarchical
feature representations learned during the image generation process are extracted and injected into the detection backbone
via a PSPNet (pyramid scene parsing network) and FPN (Feature Pyramid Network) fusion network. This design enables
the detector to leverage rich semantic and structural priors embedded within the generative model, enabling the transfer of
multi-scale semantic priors from the generative model into the detection network. Together, these mechanisms form a-uni-
fied and extensible method for robust wildlife detection. Result We conduct extensive experiments using Grounding DINO,
a modern open-set object detection model, as the detection backbone. Evaluations are performed on the giant panda subset
of the LoTE-Animal (long time-span dataset for endangered animal) dataset, which contains challenging camera-trap
images representative of real-world conservation scenarios. Experimental results demonstrate that the proposed Category-
guidance Mechanism significantly improves generative quality. Specifically, KID (kernel-inception distance) decreases
from 0. 059 to 0. 038, while FID (fréchet inception distance) is reduced from 147. 00 to 123. 13, indicating that the syn-
thesized images achieve higher fidelity and improved semantic consistency with real wild panda images. These improve-
ments directly translate into more effective training data for detection. When the Image Enhancer is integrated into the
Grounding DINO detector, notable gains in detection performance are observed. On the LoTE-Animal panda subset, mAP
(mean average precision) increases from 88. 8 to 89. 7, while mAR (mean average recall) improves from 94. 9 to 95. 5,
confirming the effectiveness of image-level domain adaptation. Further incorporating the Generative Feature Injector leads
to additional performance improvements, with the detector achieving a mAP of 89. 8, outperforming both the baseline and
image-enhancer-only configurations. Finally, training the detector using a mixture of real images and high-quality synthetic
images generated by the full PandaGenDet pipeline yields the best overall performance, achieving a final mAP of 90. 1.

Qualitative analyses further reveal that synthesized images exhibit more accurate panda poses, better integration with realis-
tic environmental textures, and fewer semantic artifacts. Detection visualizations demonstrate high localization accuracy in
challenging scenarios, including dense vegetation, low illumination, and partial occlusion. Furthermore, the final model
demonstrates strong robustness in open-set detection, maintaining stable performance even when encountering object cat-
egories not present in the training dataset. Conclusion This study presents PandaGenDet, a unified collaborative frame-
work from data synthesis to object detection for giant panda monitoring in complex wild environments. By integrating data-
level synthesis, image-level enhancement, and feature-level injection in a unified manner, the proposed method effectively
addresses two major bottlenecks in real-world wildlife detection: the scarcity of annotated data and the presence of severe
domain gaps between pre-training and deployment scenarios. Extensive experiments on camera-trap datasets demonstrate
that PandaGenDet substantially improves both synthetic image fidelity and detection accuracy, while also enhancing open-

set robustness. Through a three-dimensional collaborative strategy—data-level synthesis, image-level enhancement, and
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feature-level injection—PandaGenDet significantly improves the detection performance of general-purpose models in com-

plex wild environments.
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Fig. 1 PandaGenDet: a generation-detection unified method for giant panda object detection
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Fig. 4 Image enhancer structure
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Fig.5 Generative feature injector structure

Stable Diffusion
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Fig. 6 LoTE-Animal Dataset Image Examples
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(a) T 5% (b)Paint by Example (¢)MIAZE5 5| SHLH]

((a)background image ; (b)paint by example ; (¢)implement category-guidance mechanism)
7 N5 AL R A R SR A

Fig. 7 Category-guidance mechanism model’s generation results
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Table 1 Quantitative evaluation form for image genera-

tion results

FI5 % FARgk

PR FID KID KID

(1) (1) sd(l) CLIP Score( 1)

164.05 0.098 - 0.0021 -

InstaGen
Paint by Example 147.00 0.059 0.0023 0.625

IS AL 123.13 0.038 0.0021 0.636
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category-guidance mechanism )
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Fig. 8 Example of category-guidance mechanism model’s gen-

eration failure o
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((a)original image ; (b)absolute difference map; (¢)perceptual
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Fig. 9  Visualization of Image Enhancer Difference Map Results
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Bt , (EL AL R R R P RE K B e I, mAP SIS 3] T 89. 8.

(E IR 25 SRR W, PG 5l g %) PR A A8 kB v o R
i ] 5 PR A AR AT 200 A ASORYY 1 DX 3, T 57 B 4
230 PSP T DX Il g O A 5 o SRR 2 R AR
B, B 9 SR AE V22 R I X O AR TR R R
1 HSIA T Al g N RSN (R /5 B o X R
A 8 5 4R A O A Bl A I 7 R Bl TR AE (RS
SeJE SR H AR R FREFIE AT T A B s i, £
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Table 2 Quantitative evaluation form for object detection results

A g ARAFIE S GFLOPs i TRAS

HATR AR EARR mAP mAR mAP mAR

YOLOvS! x x 12.4M 8.2 86.7 90.7 78.0 78.0
YOLOvI2! x x 26.3M 88.6 87.9 90.1 60.3 60.0
Co-DETR x x 64.5M 372 89.3 92.4 70.1 72.0
x x 172.9M 38.6 88.8 94.9 66.2 80.0

Panda x N 206.4M 38.6 88.8 93.7 68.1 78.0
GenDet N x 176.3M 38.6 89.7 95.5 72.6 82.0
N N 209.8M 38.6 89.8 95.1 73.2 76.0

IR R 51 B A
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ZH A BRI T QAR £ T 130 GG AR
g5 EJIA GG 5 2% 5 I T RMR N AR O
IO i 0L R < B B BT 0T G B S | SO M AT Y
5, SURETE AN 1A K T AR 5 A0S 0 R 0 TUR
B
3.4 BEEBBEGYBEERSIIGIHRER
AT 38 2o I OB G 1 KRR LR L
G RER U E OF 5 B R RIS T
H Ao A Y (4 AR B2 I 2, DDA G 1l B8 a0 et 46 D
PEREAVIRTHAECR . TESET0 AR RS B 5 4G P A5 7Y
5% HT RT3 0 e WU LR AT 2k 2 1)1 25 1) A A
VE R f e 4R, e FHLBER B &AM R 2 N g8k 87
TR ARARBEYN R BAY ; “LoTE” £ 75 AU 1] LoTE-
Animal U5 S QR 2 25 5 “ LoTE+Syn” 22 /R Bk A1 FH
FLSE RGBSR AR 5 6 UGB S AT Ak S 45

R3 ARG REEITME
Table 3 Quantitative evaluation form for generative data

augmentation results
2B H AR LRERER I
mAP mAR mAP mAR

diall R IeiEs

I 89.8 95.1 73.2 76.0
LoTE 89.7 94.9 76.3 84.0
LoTE+Syn 90.1 94.2 69.8 78.0

T LT A B 51 B e

RS J a3 3 B, AU# ] LoTE-Animal 204
ARSI 2 2 BRI R P BE , mAP DA 89. 8 TR &=
89. 7; MAEAR SN G b A i RS 5 | 5 7
PEfERE— 2T, mAP IK#] 90. 1, 40 EM T &
RSO A 52 A O s e 5 B AR A 8 T P AR
TEo ZRGRE BRG B 5 G BRI Z0 Zh 8
RIRUAS T AW S ik s R

T AR B 2 ] AL 25 S AN 1] 10 T, AR
LT 5 T B Re EmR R0 R AEA H b, RIH
JE NFHELA A B G (55 1A T 255 347) , BAUR SR
RERS 25 Hh IE B PRI 45 21, S8 R 3 T R AP I &
B SZA0BE T o LA 3 B R EAEAS o (4
55 DUAT AN 88 SR R RE A ) L BT HH T dh A 3
Fo BMRITE IZBERIE LS EP A g Serp R AL T
R i sE A H AR Be

SRyt —25 B e A R B i X A U 1 R Y

(a) BAH (b) e fERTM 45
((a)ground truth; (b)best detection result)
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Fig. 10  Detection results of the best object detection model
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Fig. 11 Performance of detection models under different data-

set volume
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Fig. 12 Open-set detection results of the best object detection

model
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