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Abstract

Atmospheric haze significantly degrades wildlife imagery,
impeding computer vision applications critical for conser-
vation, such as animal detection, tracking, and behavior
analysis. To address this challenge, we introduce Ani-
malHaze3k–a synthetic dataset comprising of 3,477 hazy
images generated from 1,159 clear wildlife photographs
through a physics-based pipeline. Our novel IncepDehaze-
Gan architecture combines inception blocks with residual
skip connections in a GAN framework, achieving state-
of-the-art performance (SSIM: 0.8914, PSNR: 20.54, and
LPIPS: 0.1104), delivering 6.27% higher SSIM and 10.2%
better PSNR than competing approaches. When applied
to downstream detection tasks, dehazed images improved
YOLOv11 detection mAP by 112% and IoU by 67%. These
advances can provide ecologists with reliable tools for pop-
ulation monitoring and surveillance in challenging environ-
mental conditions, demonstrating significant potential for
enhancing wildlife conservation efforts through robust vi-
sual analytics. The AnimalHaze3k dataset can be publicly
accessed at: https://shvrth.github.io/.

1. Introduction

Computer vision-based methods have become indispens-
able tools for wildlife conservation and ecological research,
enabling non-invasive monitoring of animals, population
tracking, and behavioral studies across diverse habitats
[12][26]. These methods have become critical for con-
servation strategies, such as identifying animals through
unique markings [3], detecting elusive and endangered
species [23][10], and monitoring illegal poaching activities
of protected animal species [3]. Their ability to process
large volumes of data with high accuracy and consistency
[20], and provide cost-effective solutions to real-time ani-
mal monitoring have made their use widespread [25][21].
However, environmental challenges like atmospheric haze
greatly compromise image quality, undermining the effec-
tiveness of these technologies [19].

Haze-induced degradation manifests through unnatural
color shifts, decreased visibility, diminished contrast be-

tween subjects and backgrounds, and distorted depth per-
ception [32][27]. Such quality deterioration directly im-
pacts downstream conservation tasks—diminished visibil-
ity impedes movement tracking, low-contrast images com-
plicate animal detection and population counting, and can
obscure anatomical features challenging automation mod-
els for species identification.

Image dehazing aims to generate the latent haze-free im-
age from the observed hazy image. The atmospheric scat-
tering model [17][18] is the classical framework for mod-
eling hazy image formation through light-particle interac-
tions. This model describes hazy images as a per-pixel com-
bination of attenuated scene radiance and atmospheric light
interference:

I(x) = J(x) · t(x) +A · (1− t(x)) (1)

where x is the pixel index, I(x) is observed hazy image,
J(x) is the clean scene radiance, A denotes the global at-
mospheric light, and t(x) is the transmission matrix defined
as:

t(x) = e−β·d(x) (2)

where β represents the scattering coefficient of the atmo-
sphere, and d(x) denotes the depth information.

Recently, single image dehazing has made significant
progress with the use of data-driven approaches utilizing
synthetic image pairs to achieve superior performance. Ini-
tial CNN-based architectures [2][24][37] employed a de-
composed estimation framework, separately predicting at-
mospheric light A and transmission maps t(x), with su-
pervision derived from synthetic transmission ground truth.
Modern approaches [5][6][34] have pivoted toward direct
prediction of latent haze-free images or their residual com-
ponents relative to hazy inputs, capitalizing on pixel-level
reconstruction to optimize perceptual quality. ViT-based
methods [31][28] have outperformed CNN-based models
through their use of global attention mechanisms.

While recent methodological advancements demonstrate
considerable promise, their efficacy remains constrained by
a critical bottleneck: the scarcity of paired real-world train-
ing data exhibiting authentic haze conditions. For the task
of dehazing wildlife imagery, acquiring such datasets poses
significant challenges due to environmental variability, and
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Figure 1. Samples from AnimalHaze3k dataset showing the
ground truth, depth map used for synthetic haze generation and

hazy image generated for a (a-c) Dog, and, (d-f) Red Fox.

the inherent difficulty of capturing the same haze-free and
hazy scene in dynamic wildlife habitats. In response to
these data acquisition challenges, contemporary dehazing
approaches synthesize training pairs by artificially induc-
ing haze in clean images. This process involves estimating
scene depth—either leveraging existing depth maps from
specialized datasets or deriving them algorithmically—and
simulating haze formation through the atmospheric scatter-
ing model using Eq. (1).

This work aims to overcome the aforementioned hurdles
and makes two-fold technical contributions:
• AnimalHaze3k dataset: A synthetic dataset of 3,477 hazy

wildlife images generated from 1,159 real wildlife pho-
tographs via a physics-based pipeline, simulating diverse
atmospheric haze conditions.

• IncepDehazeGan: A GAN architecture integrating in-
ception blocks, residual skip connections, and a hybrid
adversarial-L1 loss, achieving state-of-the-art dehazing
on the proposed AnimalHaze3k dataset.

2. The AnimalHaze3k Dataset
The dataset used for acquiring clear images to generate syn-
thetic hazy images is the Northeast Tiger and Leopard Na-
tional Park (NTLNP) dataset[30]. This dataset contains
25,567 images of 17 species captured under both daylight
and night-time conditions. Only daylight images were uti-
lized in this study. The images were obtained through in-
frared camera traps deployed in China’s Northeast Tiger
and Leopard National Park between 2014 and 2020. The
camera trap methodology ensures animals were observed
in their natural, undisturbed habitats. The dataset fea-
tures diverse environmental contexts including varied back-
grounds, weather conditions, and seasonal variations for
non-hibernating species. From this collection, we sys-
tematically selected 1,159 images representing 11 species.

All images were pre-processed to remove temporal stamps
(date and time) and were standardized to 640 × 480 pixel
resolution.

Figure 2. Data generation pipeline stages: (1) Depth estimation,
(2) Transmission map calculation, (3) Synthetic haze generation.

The AnimalHaze3k data generation pipeline comprises
three principal stages as illustrated in Fig. 2. In the first
stage, a depth map for the input image is estimated us-
ing the HybridDepth[9] model. The reasons to choose Hy-
bridDepth are threefold: (1) HybridDepth is a state-of-art
single image metric depth estimation pipeline. By fusing
depth-from-focus (DFF) data with relative depth priors, Hy-
bridDepth achieves superior metric accuracy and general-
ization over models like ZoeDepth[1], DFV[35] and Depth
Anything[36]. (2) HybridDepth maintains consistent depth
estimations across different zoom levels - while Depth Any-
thing and DFV can overestimate depth. (3) HybridDepth
uses Depth Anything[36] as the relative depth estimator.
Depth Anything has been trained on a vast amount of out-
door data that results in high quality synthetic hazy im-
ages generated. In the second stage of the data generation
pipeline, transmission map, t(x), is calculated using Eq. (2).
Value of scattering coefficient β is uniformly sampled from
[1.8, 3.0], in order to generate an arbitrary haze density for
each input image and improve the diversity of the dataset.
In the final stage, the synthetic hazy image is generated us-
ing Eqn.(2). Atmospheric ambient light, A, values are taken
at random from discrete values [0.8, 0.85, 0.9, 0.95, 1] fol-
lowing established methodologies[15].

Each clear image generates three synthetic hazy varia-
tions through this pipeline, ensuring comprehensive cover-
age of potential atmospheric conditions. The training set
contains 1,041 clear and 3,123 hazy images. The validation
and test sets contain 59 clear and 177 hazy images each.
The dataset thus contains paired clear and hazy images. Ex-
amples from the dataset are depicted in Fig. 1.

3. The IncepDehazeGan Model

IncepDehazeGan is a novel single-image dehazing GAN
architecture. The IncepDehazeGan generator is a
dense encoder-decoder network incorporating Inception



Figure 3. IncepDehazeGan Generator architecture

Blocks[29]. The encoder consists of two parallel process-
ing sections: (1) a series of standard encoding blocks made
up of two convolution layers followed by ReLU activation
function and a max pooling layer, and (2) a series of In-
ception Blocks using four parallel convolutional layers of
distinct kernel sizes (1× 1, 1× 3, 3× 1, 3× 3).

Figure 4. IncepDehazeGan Discriminator architecture

The decoder is a single series of blocks consisting of a
transpose convolution layer preceded by two standard con-
volution layers. We use residual skip connections to share
low-level feature maps learned in each encoder block with
decoder blocks[8]. This multilayer feature fusion reduces
information loss due to down sampling operations in the
encoder section[16]. The overall generator architecture is
illustrated by Fig. 3. For training the generator, we use a
combination of adversarial loss and mean absolute error.
The adversarial loss is computed using the output of the
discriminator and the target labels of ones, encouraging the
generator to produce realistic outputs that deceive the dis-
criminator. This loss is defined as follows:

LAdv(x, y) = − 1

N

N∑
i=1

[
yi log (σ(xi))

+ (1− yi) log (1− σ(xi))
] (3)

Mean absolute error (L1 loss) is calculated between the
generated image and the target image. This loss term helps
to maintain the fidelity of the generated output relative to

the ground truth and is defined as:

LL1 =
1

N

N∑
i=1

|yi − ŷi| (4)

The net generator loss is a weighted sum of the adver-
sarial loss and the L1 loss, where λ is a hyperparameter
controlling the trade-off between these two losses. In our
implementation, λ is set to 100. The net generator loss is
thus expressed as:

LG = LAdv + λ · LL1 (5)

The IncepDehazeGan discriminator consists of six con-
volutional blocks followed by a final sigmoid activation.
Each convolution block contains a convolutional layer with
leaky ReLU activation and a batch normalization layer.
Fig. 4 depicts the IncepDehazeGan discriminator architec-
ture. This produces a single-channel matrix, encouraging
the generator to produce realistic local features and textures
across the image[13]. By focusing on small regions for each
pixel, the discriminator also helps mitigate overfitting. For
training the discriminator, we use Binary Cross Entropy to
distinguish between ground truth and output produced by
the generator.

4. Experimental Study
Experiments in this study were conducted on a NVIDIA
Tesla P100 GPU, with 16GB memory and 3584 CUDA
cores.

4.1. Single-Image Dehazing
We benchmark our AnimalHaze3k dataset using several
state-of-the-art image dehazing models, FD-GAN[7], FFA-
Net[22], DehazeFormer[28], DEA-Net[4] and the proposed
IncepDehazeGan model. The models were trained for 50
epochs, with batch size of 4. We extensively evaluated
performance using several metrics-SSIM[33], PSNR[11],
FSIM[38] and LPIPS[39].



(a) Hazy (b) FFA (c) FD-GAN (d) DEANET (e) DehazeFormer (f) IncepDehaze (g) Ground Truth

(h) Hazy (i) FFA (j) FD-GAN (k) DEANET (l) DehazeFormer (m) IncepDehaze (n) Ground Truth

Figure 5. Qualitative comparison on dehazing results across SOTA models and IncepDehazeGan (our model).
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Figure 6. YOLOv11 animal detection on (a,d) ground truth, (b,e)
hazy image, and (c,f) dehazed image

4.2. Animal Detection

To validate the efficacy of our approach for the downstream
detection task, we train the YOLOv11[14] detection model
on the NTLNP dataset and evaluate performance on hazy
images from the AnimalHaze3k test set and the correspond-
ing dehazed images generated by IncepdehazeGan. Perfor-
mance was evaluated using mAP and IoU metrics.

Experimentation demonstrates the superiority of our ap-
proach at dehazing wildlife imagery. Achieving a remark-
able SSIM of 0.8913 and PSNR of 20.54, our model sur-
passes existing SOTA methods (see Tab. 1). Our experi-
ments on detection show a significant improvement in mAP
(>112%) and mIoU (>67%) metrics when using dehazed
images generated by IncepDehazeGan (see Tab. 2). This
demonstrates the effectiveness of our model at providing
high-quality data for all computer-vision tasks related to
wildlife monitoring (see Fig. 6).

5. Conclusion
This work presents the AnimalHaze3k dataset, a syn-
thetic single-image dehazing dataset addressing atmo-

Model Name SSIM ↑ PSNR ↑ FSIM ↑ LPIPS ↓
FFA[22] 0.5468 12.1842 0.6665 0.3610
FD GAN[7] 0.5580 17.5573 0.8314 0.1637
DEANET[4] 0.8303 18.6481 0.8936 0.2102
DehazeFormer[28] 0.8388 17.4550 0.8917 0.2375
IncepDehaze 0.8914 20.5404 0.9363 0.1104

Table 1. Performance of different dehazing methods on the
AnimalHaze3k dataset.

Images mAP ↑ mIoU ↑
Hazy 0.3216 0.4313
Dehazed Output 0.6842 0.7201

Table 2. Animal detection performance of YOLOv11 on hazy
images and dehazed counterparts generated IncepdeHazeGan.

spheric degradation in wildlife imagery. For this purpose,
we introduce the IncepDehazeGan model. Extensive ex-
perimental comparisons with current state-of-the-art mod-
els on various metrics (PSNR, SSIM, LPIPS and FSIM)
confirm the effectiveness of our model in generating clearer
images. Our experiment on the detection task demon-
strates that IncepDehazeGan overcomes challenges posed
by atmospheric haze and can provide higher quality data
for tasks such as animal identification, population tracking,
movement tracking, behavior pattern tracking and surveil-
lance. Thus, it helps advance efforts for animal behavioral
studies and conservation.
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