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ABSTRACT

Wildlife detection in the night time is a critical computer vision problem that has applications in

ecological monitoring, road safety surveillance, and conservation analysis. In real deployments,

camera imaging systems are often found to be photon limited, which means that they are oper-

ating in an environment where the density of photons is low, and the noise level in the sensor

as well as the object boundaries, motion blur, and infrared effects are also large.In real deploy-

ments, the density of photons, the noise level of the sensor, the boundaries of the objects, the

motion blur, and the infrared effects are often large, causing the objects to be difficult to detect

in a reliable manner. While the YOLO family of detectors can make fast inference in daylight

images, they fail to perform well in dark, low-contrast night images with cluttered backgrounds

and underexposed animals [1, 2, 37].

This thesis introduces a new unsupervised image-enhancement pipeline called Progres-

sive Dual-Branch Illumination-Contrast (PDIC) specifically developed as an enhancement

pre-processing step prior to a fixed YOLOv5 detector for night-time wildlife detection. In PDIC,

the architecture of the detector is not changed, rather the visible evidence presented to the de-

tector is enhanced. The framework is founded on the idea of decomposing image information

based on the Retinex, and consists of two interconnected branches: an Illumination Compen-

sation Branch for estimating and normalizing spatial illumination distribution, and a Contrast

Enhancement Branch for enhancing the gradient of structures and mid-tone details and con-

trolling the amplification of noise. The enhanced reflectance and illumination components are

combined again in a learnable fusion module and progressive refinement allows the framework

to process heavily underexposed images more than once [9, 8, 7, 4].

Training is completely unsupervised, that is, no paired low light and normal light images

of wildlife are needed. The goal is to minimize smoothness of the illumination, gradient uni-

formity, exposure loss, color constancy loss, and total variation loss. These losses are chosen to

maintain degradation of edges and contours relevant to the detectors and not just for human vi-

sual optimisation. The framework is applicable in practical camera trap use cases, where paired
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Automated visual sensing systems like camera traps, roadside surveillance cameras, unmanned

platforms and edge-AI devices are increasingly being used to monitor wildlife. The systems

are used for biodiversity assessment, habitat management, anti-poaching and AV collision pre-

vention purposes. In recent years, conservation-computer-vision research has demonstrated

that deep learning can save time for manual image-review and allow for large-scale ecological

inferences under the right conditions of reliable data and deployed methodology [1, 2].

Although great progress has been made, night time wildlife detection is still significantly

more difficult than daytime detection. A significant proportion of the valuable observations

are made in the dark, because many target species are nocturnal or crepuscular. Under these

conditions, images have low photon count, limited dynamic range, high sensor noise, infrared

illumination artifacts, low texture and lower color information. These alterations can cause

animals to be lost from sight and can make it harder to discern whether small or camouflaged

animals are present or are vegetation, shadows, soil or roadside detritus [37, 38].

Modern object detectors, particularly one-stage YOLO-family models, are widely used

due to their practicality, with respect to speed and accuracy [3, 4]. But these detectors are ex-

tremely local and require the presence of stable local gradients, textures and multi-scale feature

activations. If they are suppressed during night-time imaging, they can result in missed detec-

tions or false positive detections in shadow areas, or in a poor bounding box localization. This

thesis thesis’ primary research question is thus not only how best to improve image appearance,

but how best to enhance night-time images for improving downstream wildlife detection [5, 31].
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1.2 Problem Statement

The issue discussed in this thesis is degradation of wildlife detection with YOLOv5 based on

night-time low light imaging. The existing solutions normally take one of two routes. The first

path adapts the detector architecture to match detection conditions at night to make it suitable

for night time detection, which is similar to that of YOLO variants developed for night time

detection [5]. These techniques can enhance accuracy, but would necessitate redirection of the

detector, retraining of the detector, and careful application to a limited platform. The second ap-

proach is implemented by first applying classical image preprocessing techniques like CLAHE,

gamma correction, or Retinex filtering, followed by a detection step [6]. They are simple but

make use of static transformations and do not work well if there is a significant inter-species,

inter-habitat, and/or camera-position variation in illumination.

For a practical wildlife-monitoring system, an approach must be adaptive, detector-

compatible and trainable without paired low-light and well-lit ground truth. In camera-trap

conditions paired data is uncommon since the same animal and scene can not be recorded si-

multaneously under both poor and ideal light conditions. This encourages an unsupervised

enhancement approach to enhance the detection cues while maintaining the original YOLOv5

inference pipeline [7, 8].

1.3 Proposed Approach

In this thesis, the Progressive Dual-Branch Illumination-Contrast (PDIC) framework is devel-

oped. The purpose of PDIC is to serve as a preprocessing module that is put in front of YOLOv5.

It will not change the YOLOv5 weights, anchors, losses, or detection heads. Rather it enhances

the input image to provide more distinct object boundaries and more discriminative animal fea-

tures to the fixed detector [4].

The framework is based on three principles. First, enhancement must be physically

interpretable, and PDIC takes the Retinex-inspired perspective of decomposing an observed

image into illumination and reflectance. Second, enhancement should be detection-aware, that

is, not only aesthetically pleasing but also highlighting structural gradients and reducing noise.
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Third, enhancement should be deployable, so training is based on no-reference losses that are

used in unsupervised low-light enhancement algorithms like Zero-DCE and Retinex-based deep

enhancement (DE) in [7, 8].

1.4 Research Objectives

The goals of this thesis are:

1. To investigate how image degradation in low-light conditions affects YOLO-family

wildlife detection.

2. To develop a dual-branch illumination normalization and contrast/structure enhancement

approach inspired by Retinex.

3. To train the enhancement pipeline without paired low-light/normal-light ground truth us-

ing no-reference losses.

4. To test the proposed PDIC–YOLOv5 pipeline on the NTLNP night-time wildlife dataset

using Precision, Recall, F1-score, mAP@50, and mAP@50:95.

5. To compare the proposed system with classical preprocessing and night-time detection

systems using the same downstream detector where possible.

1.5 Scope and Contributions

This work focuses on night-time wildlife detection based on RGB or infrared camera-trap im-

ages. The thesis is concerned not with the design of a new detector, but with a pre-processing

and enhancement. Intentionally this scope is chosen as many field systems already use the

known YOLO pipelines, and the switching of the detector may raise annotation, retraining and

deployment costs [1, 18].

The most significant contributions have been:

1. A detector-agnostic PDIC enhancement framework for night-time wildlife imagery.

2. A dual-branch architecture to separately model illumination compensation and contrast

enhancement.
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3. A progressive refinement algorithm for severely underexposed images.

4. An unsupervised loss function combining illumination smoothness, gradient consistency,

exposure, color constancy, and total variation regularization.

5. A structured experimental comparison of mAP@50 and Recall on the NTLNP dataset

using a fixed YOLOv5 detector.

1.6 Thesis Organisation

This thesis is written as a standard empirical thesis, where the introduction motivates the prob-

lem, the literature survey is where the research gap is presented, the methodology is used to

explain the proposed system, and the results chapter presents and interprets the experimental

results. Chapter 2 introduces the theory of low-light imaging, object detection and Retinex

enhancement. Related works are introduced in Chapter 3 to detect wild animals, detect night

scenes using YOLO, transformer and hybrid approach, sensor modalities and low-light enhance-

ment. Subsequent, the PDIC architecture and the unsupervised objective of training is described

in Chapter 4. The experimental setup, results, ablation studies and discussion are presented in

Chapter 5. The thesis is summarized in Chapter 6 and future work is discussed.
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CHAPTER 2

THEORETICAL BACKGROUND

2.1 Low-Light Image Formation

Digital image is created by measuring the light reflected from a scene on a sensor. During

night-time imaging, the amount of photons hitting the individual pixels is reduced, and the

signal they provide is overwhelmed by noise. Photon shot noise, dark current, read noise,

motion blur (long exposure), and compression artifacts (through camera pipelines) are the major

degradations. While infrared camera traps are less light-dependent than visible-light cameras,

they still have some drawbacks, including low contrast, a lack of uniformity in ambient light,

specular reflections, and the lack of chromatic cues [11, 37, 38].

The degradations directly impact object detection. A detector doesn’t think or reason

about semantic concepts; it first looks for low-level features like edges, gradients, corners,

textured regions, and color transitions. If the animal boundary cannot be seen (shaded), or if

the noise makes an artificial boundary, the feature pyramid the detector has is not reliable. This

means that one detector that works in daylight conditions, may not work in nighttime conditions

[3, 4, 5].

Degradation in low light conditions is also non-uniform across space. With a wildlife

shot, the animal could be lit by an infrared flash, car headlights, a nearby reflecting surface

or the light of the moon, but the surrounding plants are mostly black. This creates a high

dynamic range within the frame. Thus, there is no single correction for global brightness that

can work for everyone: brightening up the back lighting may lead the eyes, fur highlights, or wet

surface to become saturated. Any enhancement technique used to detect must not exaggerate

background noise levels, but must maintain local contrast around the boundaries of the objects

[10, 8].

The other important question is the difference between image quality and task utility.

The enhanced image may not be a better detector input, if it is aesthetically pleasing. Over-
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smoothing helps to reduce very fine contours, but may help to improve the apparent image

quality, and over-sharpening can generate false edges, leading to false positives. Therefore,

improvement metrics should not only include image quality metrics but also the downstream

metrics—for instance, Recall or mAP—because of the detection context [40, 16].

This failure can be explained by the signal to noise ratio (SNR). In a photon-limited

scene, capture levels are not the only factor that affect the visibility of noise over the sensor

measurement; the brightness will also increase the visibility of noise that was already captured

in the measurement. While long exposure does help collect more photons, it also creates more

motion blur when animals move across the frame, which is a problem in the field camera.

High ISO gain will show weak signals, but will also increase read noise and colour artifacts.

Enhancement at night time is thus not a straightforward scaling of brightness. A good enhance-

ment technique should enhance the contrast within a local area without creating false edges,

hallucinating texture and brightening existing bright infrared reflections [11, 7].

The camera-trap images create further challenges over regular night photography. The

animal can be in a small part of the frame, at different distances or in part hidden behind plants.

Numerous frames have empty background, and the same background can be seen in various

illumination, weather and sensor-noise settings. Therefore, enhancement for wildlife detection

should not only increase the visual appeal of an image but also retain the boundaries between

objects and the mid-level texture in the image [17, 18, 19].

2.2 Retinex Theory and Illumination–Reflectance Decomposition

The retinex theory is an observed image which is considered to be the product of illumination

and reflectance. The illumination component is the spatial variation of light, and the reflectance

component is the intrinsic properties of the scene like boundaries or surface texture and albedo.

A typical retinex solution recipe is:

I(x,y) = R(x,y) ·L(x,y), (2.1)

Here, the image observed is I(x,y), the reflectance is R(x,y), and the illumination is L(x,y) [9].

6



Classical Retinex methods estimate illumination by assuming the filter or smoothness.

The Multiscale Retinex algorithm enhances the visual contrast of images by processing a num-

ber of spatial scales, and LIME is used to estimate illumination maps for low light enhancement

[9, 10]. They are interpretable and efficient but can also accentuate noise or produce haloing

to high-contrast edges. The deep Retinex algorithm methods, including RetinexNet, are trained

with the decomposition function and enhancement function from data [8]. The PDIC framework

expands on this reasoning but in relation to detection based wildlife enhancement.

There is interest in using retinex decomposition for imaging nocturnal wildlife; it de-

composes two effects with different significance to detection. The illumination correction

should recover from non-uniform illumination and reveal hidden regions while the reflectance

preservation should maintain the texture, silhouette and local gradients of the animal. From

the practical perspective, KinD also demonstrates that practical low-light enhancement can be

arranged in terms of illumination adjustment, reflectance restoration, and degradation removal

[13]. Later, RUAS re-formulated the Retinex enhancement as an unrolled optimization process

with reference-free learning, and demonstrated that physics-inspired structure can be integrated

with a light-weight neural design [14]. The developments agree with the PDIC design decision

to provide separate illumination and contrast-oriented branches, instead of a single monolithic

enhancement transform.

One of the most important applications of retinex enhancement is for night-time wildlife

photography, where lighting is typically non-uniform. Only part of the scene may be illuminated

by infrared flash, vehicle headlights, moonlight or reflected sunlight from vegetation. If one

global adjustment is made to the entire image, the bright parts of the image can be over-exposed,

and the dark parts of the animal can be under-exposed. There is a more flexible representation of

illumination, reflectance decomposition: illumination could be smoothed and normalized, while

reflectance could be kept with edges and textures. This separation also encourages the dual-

branch architecture of PDIC, one for illumination compensation and the other for the contrast

and structural detail.

But, Retinex decomposition is an ill-posed problem as there are many combinations

of illumination and reflectance that will produce the same observed image. Thus, there are

7



practical methods that impose priors. It is generally assumed that the illumination is smooth

(in space), except in the vicinity of strong transitions, whereas the reflectance is expected to

have sharper edges. When using these priors in low-light detection, it is important to use them

carefully. Over-smoothing illumination can lead to loss of shadows that define the shape of

animals and over-sharpening of reflectance can create an artifact of "fur-like" texture in noise.

To resolve this, PDIC proposes to incorporate the total-variation regularization and gradient

consistency along with illumination smoothness [10, 14].

2.3 Deep Low-Light Enhancement

If two images, one taken in low-light and the other in normal-light conditions, are available,

supervised low-light enhancement methods can yield high quality results. Neural networks

have been shown to be able to recover meaningful images from very dark RAW sensor data by

learning to see in the dark [11]. Aligned pairs are not common however with the deployments

of wildlife cameras, animal movement, weather, and lighting can’t be replicated [11].

To overcome this, unsupervised and zero-reference enhancement techniques have been

proposed that utilise no-reference losses. Given no paired data, Zero-DCE estimates image-

specific enhancement curves and optimizes losses in spatial consistency, image smoothness,

illumination smoothness, and exposure [7]. Additionally, EnlightenGAN proves that unpaired

adversarial learning can be applied in the absence of aligned normal-light targets [12]. To im-

prove low-light images, KinD breaks the task down into three phases: decomposition, restora-

tion, and adjustment, thereby demonstrating the merit of decomposing light and reflectance sep-

arately [13]. On the contrary, more recent lightweight methods, like SCI, adopt self-calibrated

illumination learning which is able to maintain the quality of illumination enhancement with

less computation cost [15]. PDIC takes the same "real life" motivation and restates the en-

hancement task in terms of detector reliability. The goal is not only to enhance the image, but

also to retrieve structural cues to boost the localization and classification of YOLOv5.

One of the theoretical differences that are important to note is that between image

quality-based enhancement and task-based enhancement. While smooth, bright and visually

appealing images are preferred by human observers, object detectors rely on repeatable local

8



evidence. Too much denoising can obscure the faint contours of animals, too much contrast en-

hancement can produce high frequency artifacts, which look like small objects. Thus, detection-

aware enhancement is designed to achieve the balance between the improvement of exposure

and preservation of boundaries and gradients while avoiding hallucination. This is the reason

that PDIC adopts unsupervised losses that promote natural exposure and smooth illumination

without losing structural gradients crucial for bounding-box prediction [7, 40].

2.4 Object Detection Fundamentals

To detect an object, not only must the object be located but the object must also be classified.

The two-stage detectors, like Faster R-CNN, make region proposals first and then classify every

region proposal [20]. These methods are accurate but are not cheap enough to be used in the

field. One-stage detectors directly predict the classes and bounding boxes from dense feature

maps. For dense detection [21] has proposed a focal loss approach to deal with the problem of

class imbalance, and YOLO-family detectors have become popular for their ability to perform

detection in a single pass, enabling practical real time applications.

YOLO models divide detection into a backbone, neck, and head. The backbone is used to

extract visual features, the neck combines multi-scale information, and the head is used for the

prediction of the bounding boxes and objectness and class probabilities. YOLOv4 has added

a number of training and architecture enhancements to achieve speed-accuracy balance [22]

and YOLOv5 gained a foothold in the real world due to its PyTorch implementation, smaller

model variants, and deployment ecosystem [4]. The review paper also notes that despite the

transformer detectors being heavier models, YOLOv5 – YOLOv10 models are still the most

competitive in terms of latency in real time applications involving wildlife or edge application,

due to their more feasible latencies.

The critical components of this pipeline are the feature extraction and the objectness

estimation modules, in low-light images. When the animal boundary is near the background

intensity, there may be a failure in the generation of discriminative activations in the back bone.

Weak or noisy features can be carried into different scales by the neck, and the objectness of

the detection head might be low when an animal is present. Enhancement prior to detection
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can thus be regarded as a feature conditioning step. It alters the distribution of the input so that

the fixed detector gets better gradients and clearer local contrast without any change in detector

weights [4, 16].

2.5 Task-oriented Enhancement vs Human-oriented Enhancement

The majority of papers dealing with low light enhancement report PSNR, SSIM, NIQE or make

a visual comparison. These are helpful for research in restoration, but not complete in char-

acterizing the effectiveness of improved images to a detector. Object detectors are based on a

hierarchy of features: edges and textures are detected in shallow layers, parts and shapes are

detected in intermediate layers, and semantic object patterns are detected in deeper layers. A

change in the statistics of these features may result in a change of the detection confidence and

localization, even if the image is acceptable to human perception [40].

The studies carried out in low light detection have, therefore, recently called for task-

oriented enhancement. ExDark was created to facilitate the study of low-light object detection

and enhancement in images taken under various illumination conditions and annotated with

bounding boxes [37]. The feature enhancement has not just been restricted to pixel enhance-

ment, being explored for detection tasks, as well. FeatEnHancer reports consistent improvement

in low light detection and related downstream tasks under dark conditions by improving hier-

archical representations [40]. The results encourage the use of the gradient consistency and

detector-aware evaluation by PDIC. It is better to improve information that proves to be useful

for YOLOv5, rather than simply increasing brightness.

2.6 Detection Metrics

The metrics employed in the evaluation of the main task in this thesis are Precision, Recall,

F1-score, mAP@50 and mAP@50:95. Precision indicates the proportion of correctly predicted

detections and Recall reflects the proportion of ground truth objects that are correctly detected.

Recall has a special significance in wildlife monitoring because the failure to recall animals

could lead to inaccurate counts of animals and false alerts for road safety. The F1 score is a

combined measure of Precision and Recall.
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Mean Average Precision (mAP) is a summary of the performance of the detectors over

the range of confidence thresholds. The Intersection over Union (IoU) threshold for mAP@50

is set at 0.50, and mAP@50:95 is the average of the performance measured at different IoU

thresholds ranging from 0.50 to 0.95. Both are important since the night-time enhancement can

not only help with object discovery, but can also influence the quality of localization [21].
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CHAPTER 3

LITERATURE REVIEW

3.1 Literature Review Strategy

The literature review follows the structure of the two research papers provided for this thesis.

The PDIC paper sets the primary technical direction, the proposed enhancement pipeline, the

loss design and the NTLNP evaluation. The review paper gives a wider background of the field

of nocturnal wildlife detection, CNN detectors, YOLO-family, transformer and hybrid, thermal

and IR, datasets, evaluation protocols and edge deployment constraints. Taken together, the

papers suggest that the central research question is not just "How do you make detectors work

for difficult night-time wildlife imagery," but instead, "How do you enhance difficult night-time

wildlife imagery in an adaptive way that is compatible with detectors?

3.2 CNN and Two-Stage Wildlife Detectors

Previous deep-learning-based wildlife detection systems relied on the concept of generic object

detection frameworks but were adapted to camera-trap images. The performance of two-stage

detectors is good localization models, but they require too much computation power to run on

the road or edge camera in real-time application [20]. Dense one-stage detectors like RetinaNet

tackle class imbalance using focal loss, and are applicable to camera-trap imagery where back-

ground frames are more common than rare species [21]. But these general architectures don’t

directly address the low light degradation problem.

In the past few years, there are some studies related to wildlife that are mainly con-

cerned with automatic species identification, dense object detection, few-shot learning, and

instance segmentation. The dense detection of wildlife objects has been studied in the context

of enhanced YOLOv5 [23]; workflows for camera trap classification and identification have

been examined in the context of large-scale ecological monitoring [24]; and few-shot detec-

tion approaches have been proposed for plateau or rare wildlife scenarios [25, 26]. Both works

illustrate that data scarcity and class imbalance are long-term problems for wildlife vision.
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A second important implication of the large camera-trap benchmarks was that wildlife

recognition was not just a classification task, but a domain-generalization task. Snapshot

Serengeti highlighted the scope and significance of citizen scientists annotating camera traps

[17]. The Caltech Camera Traps work revealed that models trained on one location may have

poor performance when evaluated on an unseen location, which was termed as recognition

in “terra incognita” [18]. Norouzzadeh et al. also showed that deep neural networks can be

used to automatically identify, count, and recognize animal behaviour at a large scale, but also

rely on the quality and coverage of the animal training set [19]. These studies are relevant

to PDIC since these enhancements need to be useful across a variety of camera positions and

illumination conditions without overfitting to one particular situation and one camera.

3.3 YOLO-Based Nocturnal Detection

The YOLO family of detectors is an important player in the field of wildlife detection due to

their modularity, speed and ability to use edge hardware. It highlights the most popular or active

YOLO++ series of networks, such as YOLOv5, YOLOv7, YOLOv8, YOLOv9, and YOLOv10,

which are used for real-time detection applications [27, 28, 29, 30]. To adapt their use to

nocturnal wildlife detection, YOLO variants are typically modified with the incorporation of

attention blocks, multi-scale fusion, lightweight modules, or infrared-specific branches.

YOLOv8-Night is a detector-based approach to night-time wildlife detection [5]. Other

works show the capability of detecting animals during the night using deep learning algorithms

and YOLO pipelines [31, 32]. It has been demonstrated here that architectural changes can

enhance night time detection. But the redesign of detectors involves extra deployment costs

and the need to retrain for all target environments. The strategy of PDIC is to keep YOLOv5

unchanged and enhance the input image.

3.4 Transformer and Hybrid Detectors

The transformer-based detectors like DETR and Deformable DETR have been proposed, which

makes dense anchor-based prediction unnecessary by using attention mechanisms to guide set

prediction [33, 34]. These models are more powerful for global context and complex scenes
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but typically higher data, memory and computation requirements compared to YOLO- family

detectors according to the review paper. This may be a significant drawback in the camera-trap

and roadside settings.

The hybrid methods integrate convolutional backbone, attention module, and multi-scale

aggregation. For instance, ADLTFormer employs adaptive dual learning to detect cattle in low-

light conditions [35]. The dual-branch design of the visible and infrared branch of IV-YOLO

is presented in [36]. The methods show that the multi-branch design is beneficial for the low-

light image or multi-modal detection. PDIC takes the concept of a dual-branch and uses it for

enhancement instead of replacing the detector.

3.5 Low-light Enhancement for Detection

Simple and inexpensive classical methods like histogram equalization, CLAHE, gamma correc-

tion and Retinex filtering are attractive. But, with fixed enhancement, noise could be amplified,

bright areas could be washed out and artificial contours could be created. These artifacts are

detrimental for detection purposes as detectors could mistake them as object attributes.

Alternatives available are deep low-light enhancement methods. RetinexNet learns

Retinex decomposition and enhancement [8]; Zero-DCE learns enhancement curves without

paired supervision [7]; EnlightenGAN learns unpaired to avoid aligned low/normal-light

image pairs [12]; and SID showcases the potential of learning-based recovery from extreme

darkness, assuming RAW data is available [11]. KinD is also relevant due to its approach of

decomposing, reflecting, and adjusting the illumination as separate sub-problems [13]. Later

SCI focused on efficiency by using self-calibrated illumination learning, which is better suited

for environments with limited resources [15]. In addition to these ideas, PDIC incorporates

the detection-aware objective: it makes use of gradient consistency and progressive refinement

explicitly, to ensure that the enhanced images include more robust animal boundaries but no

hallucinated structures.

Why enhancement and detection should be viewed hand in hand is highlighted by re-

cent low-light detection studies. Through the experiments, IAT is demonstrated to be effective

in enhancing object detection and semantic segmentation results under challenging exposures
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conditions, as shown in [16]. Other enhancement-first pipelines report that under very low light

conditions, normalization of the images before the detector can be performed before detection

can improve the detector accuracy, but they also report that enhancement is not guaranteed to

improve mAP if it creates artifacts or shifts the distribution of the detector input. This observa-

tion corroborates the design decision in PDIC: enhancement is limited by maintaining structural

preservation of detectors, not only perceptually bright signals.

3.6 Datasets, Sensors, and Evaluation Protocols

A key challenge in nocturnal wildlife detection identified in the review paper is the limitations

of the datasets. While public camera-trap datasets are valuable, they are often dominated by

daytime photos, primarily devoted to classification, or poorly annotated. Low-light datasets are

used for general low-light recognition research like ExDark, while visible–infrared datasets are

used for paired multi-modal learning like LLVIP. Camera-trap projects like Snapshot Serengeti

[17], Caltech Camera Traps [18], and iWildCam [2] offer vital information on ecological and

domain-shift context. But there are limited night-time datasets available, and they’re specific to

wildlife.

This is a methodological issue because of this data gap. Supervised enhancement meth-

ods generally need paired images, one with low and one with normal lighting; however, paired

images of wildlife are challenging due to the animals’ lack of repetition in the controlled light-

ing. The same applies to supervised detectors for low-light images, which need enough labeled

collections of night images of various species, distances, backgrounds, and types of sensors.

Unsupervised enhancement is therefore appealing: it can be used directly on the available night

images, and is compatible with any existing detector and can be placed in front of it. The

NTLNP setting employed in this thesis very well meets this requirement as the objective is to

enhance detection using real world infrared night imagery without requiring paired enhance-

ment targets.

Thermal and/or infrared sensors can enhance night-time visibility, but they have other

limitations such as cost, lower texture detail, domain shift and difficulty in separating species

that look alike. Another challenge is the bias of the data sets in ecological monitoring, which
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may be caused by the location of fixed cameras in the study area, the seasonal migration of

animals and class imbalance. A model can look good in common species or repeated poses

and backgrounds, but bad in rare species or unusual poses and backgrounds. Hence, the review

paper suggests that besides the mAP, Recall, robustness, sensor condition and edge feasibility

should also be reported. This thesis goes along that line and reports detection metrics and

highlights the compatibility with a fixed YOLOv5 pipeline.

3.7 Comparative Summary of Related Work

Table 3.1. Comparative summary of related methods and their relevance to this thesis.

Method Family Representative Work Strength Limitation Addressed by PDIC

Classical Retinex /
CLAHE

Multiscale Retinex,
road-safety
preprocessing [9, 6]

Lightweight and
interpretable Fixed transformations can amplify

noise and fail under heterogeneous
illumination.

Deep low-light
enhancement

RetinexNet, Zero-DCE,
EnlightenGAN, SCI
[8, 7, 12, 15]

Adaptive
enhancement with
learnable objectives

Often optimized for perceptual
quality rather than detector-
specific structural cues.

YOLO night
detectors

YOLOv8-Night and
night-video systems
[5, 31, 32]

Strong real-time
detection focus Requires detector modification or

retraining; less modular for exist-
ing YOLOv5 pipelines.

Transformer /
hybrid detectors

DETR, Deformable
DETR, ADLTFormer
[33, 34, 35]

Better global context
modeling Higher compute and data require-

ments restrict edge deployment.
Multimodal /
task-aware
detection

IV-YOLO, LLVIP, IAT
[36, 38, 16]

Robustness in
darkness Fusion methods require addi-

tional sensors, while task-aware
enhancers may require additional
task-specific validation; PDIC
targets single-image enhancement
compatibility.

3.8 Research Gap

The literature reviewed shows four gaps. First of all, the classical pre-processing is not adaptive

enough for complex nocturnal scenes. Secondly, night models specific to the detector reduce

the compatibility with current deployed systems. Third, edge deployment is computationally

expensive using transformer and hybrid detectors. Fourth, there is limited availability of paired

low-light wildlife training data. To tackle these limitations, PDIC introduces an unsupervised,

detector-agnostic, and Retinex-inspired enhancement module to enhance the quality of the input
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of the detector YOLOv5 without modifying the detector itself.
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CHAPTER 4

METHODOLOGY

The PDIC framework proposed in this chapter is presented. The chapter is based on the techni-

cal approach of the PDIC research paper and elaborates on it to create a thesis level methodol-

ogy. The key design choice is to enhance the effectiveness of night-time wildlife images before

detection and not change the downstream YOLOv5 detector [4, 7, 8].

4.1 System Overview

Suppose that I ∈ RH×W×3 is a low-light image of a wildlife scene. The goal of PDIC is to

obtain a better image Iout ∈ RH×W×3 for object detection [4]. The system comprises of four

major elements:

1. an Illumination Compensation Branch FI that estimates the spatial illumination map L̂;

and

2. an Enhancement Branch FE to make the reflectance details and gradients more promi-

nent;

3. an adaptive fusion module for reconstructing an enhanced image; and

4. A fixed YOLOv5 detector which takes the enhanced image for inference.

It is detector-agnostic, as the enhancement module is trained independently, and the

detector does not have to be modified in its architecture. Figure 4.1 shows the overall data flow.
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Figure 4.1. Architecture of the Progressive Dual-Branch Illumination-Contrast (PDIC) pipeline. The
enhanced image is passed to an unchanged YOLOv5 detector.

4.2 Illumination Compensation Branch

The Illumination Compensation Branch estimates the illumination map:

L̂ = FI(I). (4.1)

A convolutional encoder-decoder is implemented to implement the branch. The encoder grad-

ually decreases the spatial resolution and increases the receptive field so that the network can

model the large-scale brightness variation. The decoder upsamples and convolves to restore

the resolution. Skip connections help to retain high frequency information which might be lost

during downsampling.

To get an initial reflectance estimate:

Rinit(x,y) =
I(x,y)

max(L̂(x,y),ε)
, (4.2)

The value of ε = 10−3 is chosen to avoid numerical instability in very dark pixels. This op-

eration is based on retinex reasoning, which is that the removal of illumination should expose

reflectance structures that are more stable for detection [9, 8].
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4.3 Contrast Enhancement Branch

Normalization in illumination can result in a flat image and could magnify the noise in the

sensor. The Contrast Enhancement Branch updates Rinit as:

R̂corr = FC(Rinit). (4.3)

The branch maintains the identity information while learning the corrective transformations

with residual blocks. The multi-scale convolution head processes are convolution head with

filters of 1×1, 3×3, and 5×5. This design is able to capture fine texture, medium scale edges

and larger animal contours [21, 4]. This is followed by a concatenation and fusion, where the

output is concatenated and fused with a 1×1 convolution.

The design is designed for detection. Instead of uniformly increasing the brightness,

the branch focus on the structures of the mid-tone and object boundary that is important for

the feature extraction of YOLOv5. Meanwhile, regularization losses, which minimize high-

frequency noise and false edges, are also produced simultaneously.Regularization losses, which

minimize high frequency noise and artificial edges, are also produced simultaneously.

4.4 Adaptive Fusion and Progressive Refinement

A reconstruction of the last enhanced image is obtained by the adaptive blending map α(x,y) ∈

[0,1]:

Iout = α · R̂corr · L̂+(1−α) · I. (4.4)

A simple convolution with a sigmoid activation is used to predict the blending map. Darker

areas will benefit from more enhancement, and brighter areas will be closer to what is originally

in them.

A few times, the images may need more than one enhancement pass, depending on the

amount of underexposure. PDIC therefore adopts the progressive refinement method, where

the output of one pass is used as input to the next pass. The steps involved in the procedure are

summarized in Algorithm 1.
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Algorithm 1: PDIC Progressive Iterative Refinement
Input: Low-light image I0, number of iterations K

Output: Enhanced image IK

1 for k← 0 to K−1 do

2 L̂k+1←FI(Ik) ;

3 Rinit ← Ik/max(L̂k+1,ε) ;

4 R̂corr←FC(Rinit) ;

5 α ← σ(Conv([R̂corr, Ik])) ;

6 Ik+1← α · R̂corr · L̂k+1 +(1−α) · Ik ;

7 end

8 return IK ;

The PDIC paper reports that K = 3 provides a strong balance between enhancement

quality and computational overhead [7, 15].

4.5 Unsupervised Optimization Objective

The PDIC pipeline is trained without paired target images. The total loss is a weighted combi-

nation of five no-reference losses [7]:

Ltotal = λsLsmooth +λgLgrad +λeLexp +λcLcolor +λtLtv. (4.5)

4.5.1 Illumination Smoothness Loss

The illumination map should vary smoothly except near genuine structural boundaries. The loss

is:

Lsmooth = ∑
x,y

∣∣∇L̂(x,y)
∣∣ · exp(−|∇I(x,y)|) . (4.6)

This discourages noisy illumination maps while allowing changes near object edges.
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4.5.2 Gradient Consistency Loss

Gradient consistency preserves existing structures and discourages hallucinated edges:

Lgrad = ∑
x,y

∣∣∇R̂corr(x,y)−∇Rinit(x,y)
∣∣ . (4.7)

This loss is especially important because YOLO-like detectors are sensitive to artificial con-

tours.

4.5.3 Exposure Control Loss

Exposure control guides the enhanced image toward a target local brightness E:

Lexp =
1
N

N

∑
i=1
|µi(Iout)−E| , (4.8)

where µi is the mean intensity of the i-th non-overlapping local region. In this thesis, E = 0.6

is used following the PDIC experimental setting.

4.5.4 Color Constancy Loss

Color constancy reduces channel imbalance using a Gray-World assumption:

Lcolor = ∑
(p,q)∈{(R,G),(R,B),(G,B)}

(
µp(Iout)−µq(Iout)

)2
. (4.9)

4.5.5 Total Variation Loss

Total variation suppresses high-frequency noise:

Ltv = ∑
x,y

(|Iout(x+1,y)− Iout(x,y)|+ |Iout(x,y+1)− Iout(x,y)|) . (4.10)

The final weights used in the PDIC experiment are:

Ltotal = 1.0Lsmooth +1.0Lgrad +10.0Lexp +5.0Lcolor +0.5Ltv. (4.11)
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These weights prioritize exposure correction and color balance while retaining structural con-

sistency.

4.6 YOLOv5 Integration

The enhanced Iout is directly fed into YOLOv5. The detector is not part of the PDIC module

and thus is not retrained. This design allows the effect of enhancement to be separated from

the other effects and makes a comparison with classical preprocessing credible. It also enables

practical deployment; the existing YOLOv5-based wildlife system can be fed by PDIC as a

front-end module without any change of their detection codebase.
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CHAPTER 5

EXPERIMENTAL RESULTS AND DISCUSSION

5.1 Experimental Setup

Experimental design is based on the research paper in PDIC. It is evaluated with data from the

night-time wildlife dataset, consisting of 10,344 infrared images of 17 animal categories from

NTLNP. The dataset is suitable for this study because it includes real scenes captured at night by

camera traps that have low contrast, uneven illumination, occlusion and cluttered backgrounds.

The downstream detector used is YOLOv5, which is fixed during the evaluation. Images

are fed to YOLOv5 after being preprocessed by the selected preprocessing model. This pro-

tocol will guarantee that any observed differences in performance are due to the enhancement

technique and not to the changes in the detector architecture.

5.1.1 Evaluation Metrics

The following metrics will be used:

• Precision: percentage of the actual detections that are identified.

• Recall: Percentage of the actual animals correctly identified.

• F1-score: harmonic mean of Precision and Recall. mAP@50: mean Average Precision

at IoU threshold 0.50. mAP@50:: mean Average Precision for IoU values from 0.50 to

0.95.

The effect of the recall is emphasized as missing animals are especially damaging for

ecological monitoring and for road safety applications.

5.2 Quantitative Comparison

Table 5.1 summarizes the main comparison reported in the PDIC paper. The proposed PDIC–

YOLOv5 pipeline achieves the best mAP@50 and Recall among the listed methods.
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Table 5.1. Main quantitative comparison on the NTLNP night-time wildlife dataset.

Method mAP@50 Recall

CLAHE + Retinex + YOLOv5 [6] 0.800 0.773
YOLOv8-Night [5] 0.855 –
PDIC + YOLOv5 0.883 0.868

Compared with CLAHE+Retinex+YOLOv5, PDIC improves mAP@50 by 0.083 and

Recall by 0.095. The Recall improvement is especially important because it indicates that more

animals are recovered after adaptive enhancement. PDIC also exceeds the reported mAP@50 of

YOLOv8-Night while preserving the simpler deployment advantage of using a fixed YOLOv5

detector.

Figure 5.1. Visual comparison of detection performance on the NTLNP dataset. The figure highlights
that PDIC improves both localization-oriented accuracy (mAP@50) and animal recovery (Recall) when

compared with classical preprocessing.

5.3 Metric-Level Interpretation

The improvement on mAP@50 suggests that PDIC improves the ability of YOLOv5 to detect

boxes of the objects with localization overlap. The gain in Recall suggests that the enhancement

module is able to bring out animals that were previously not visible by the detector due to their

darkness or lack of contrast. The method can thus not only be used to enhance the confidence

score but also to increase the visibility of the objects.
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The result confirms the thesis hypothesis - in the case of the night-time wildlife shot, an

enhancement stage based on the detector can be more feasible than the redesign of the detector.

Furthermore, since PDIC does not alter YOLOv5, it can be used with low engineering efforts

in existing camera-trap or roadside detection pipelines.

5.4 Ablation Study

The ablation study investigates the effect of progressive refinement and the role of individual

loss components. Table 5.2 shows a representative loss ablation that has been designed accord-

ing to the design logic presented in the PDIC paper.

Table 5.2. Ablation of PDIC loss components.

Configuration mAP@50 Interpretation

Full PDIC objective 0.883 Best balance of exposure, structure, and noise control
Without gradient
consistency

0.861 Weaker object boundaries and more unstable detector fea-
tures

Without exposure
control

0.847 Insufficient brightness recovery in dark regions

Without total variation 0.866 Increased noise and false edge responses

Figure 5.2 plots the loss of mAP@50 when big loss terms are omitted. The greatest

difference is seen when exposure control is turned off, indicating that the recovery of brightness

is crucial for nighttime wildlife detection. Gradient consistency and total variation also play

their part in maintaining consistent and reliable object edges and minimizing noise-induced

false contours.
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Figure 5.2. mAP@50 reduction caused by removing major PDIC loss components. Larger drops
indicate stronger contribution to the full objective.

The relevance of the gradient consistency loss is that it is the loss of structures relevant

for the detectors. To recover underexposed areas, exposure control is needed, and to avoid the

enhancement module from creating false object-like patterns from sensor noise, total variation

is needed.

5.5 Effect of Progressive Refinement

Progressive refinement is designed for images that cannot be sufficiently enhanced in a single

pass. Table 5.3 summarizes the effect of the number of refinement iterations.

Table 5.3. Effect of progressive refinement iterations.

Iterations (K) mAP@50 Observation

1 0.842 Enhancement is incomplete in severe darkness
2 0.874 Strong improvement with moderate cost
3 0.883 Best reported balance
4 0.884 Marginal gain with additional latency

The trend shows that refinement helps until the image reaches a stable exposure and

contrast level. Beyond K=3, gains become marginal, while latency increases. Therefore, K=3

is selected as the practical operating point.
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Figure 5.3. Effect of progressive refinement iterations on mAP@50. Accuracy improves rapidly from
one to three passes and then saturates, supporting K=3 as the practical operating point.

5.6 Discussion

Evidence demonstrates the effective targeting of PDIC regarding actual failure modes for oper-

ating the mechanism under low light/at night. Classical enhancement enhances object bright-

ness; however, classical enhancement by itself does not provide the means for adapting to dif-

fering levels of illumination across the image area being evaluated. Restructuring the detector

circuit enhances accuracy but reduces modularity. PDIC falls into the middle ground in that

PDIC can be adapted as a neural network model, yet it can function as a pre-processing mod-

ule.

This method is appropriate for use in camera trap networks and also roadside locations

where existing YOLOv5 systems operate because it can have front end enhanced models with-

out modifications to the original annotation format, detector training scripts (assumed to be the

same across all installations), or interfacing for deployment. This characteristic may be impor-

tant in applications of conservation and motor vehicle safety since sustaining performance and

maintainability will have as much impact o output accuracy level.

One limitation of PDIC lies in that it is dependent upon visual signals that exist in the

image to produce new improved images of the inputted data. If there is no animal detected in

the sensor output, enhancements will be unable to provide true information. In addition, the
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number of enhancement passes that are performed will increase the computational load and

will therefore be a consideration for future work directed at reducing both compression, and

quantization along with focusing on deployment methods at the edge level only.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

Progressive Dual-Branch Illumination–Contrast Enhancement (PDIC) Framework for Night-

Time Wildlife Detection is introduced in this thesis. One main motivation behind carrying out

this research was the decline in accuracy and real-time operation of the YOLOv5 model and

other comparable models in low illumination and contrast scenarios with high sensor noise

[5, 37].

The proposed method is based on enhancing images rather than adjusting the model

architecture. There are four aspects included in the proposed framework. Those are 1) illumi-

nation compensation branch; 2) contrast enhancement branch; 3) adaptive fusion and 4) pro-

gressive refinement. The training procedure involves unsupervised no-reference losses; hence,

PDIC can be employed for improving low-light images of wildlife as obtaining low-light and

normal images simultaneously is highly improbable [7, 8].

The results from utilizing the proposed method PDIC+YOLOv5 on the NTLNP dataset

showed mAP@50 score of 0.883 and Recall of 0.868 outperforming the CLAHE + Retinex +

YOLOv5 baseline and even YOLOv8-Night’s published mAP@50 while still being connected

to the detector in the same manner. Hence, the conclusion that emerges from this thesis work

supports the utilization of the detection-aware enhancement approach to monitor wildlife at

night [5, 6].

6.2 Future Scope

The following are potential future directions:

1. Optimization for Edge Deployment: PDIC needs to be compressed for edge deploy-

ment in devices like the Raspberry Pi, NVIDIA Jetson Nano, and low-power camera-trap

devices using quantization, pruning, and knowledge distillation.
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2. Joint End-to-End Detectors Aware Training: While modularity is a benefit, another

direction is controlled end-to-end training in which detector loss terms help enhance the

image but prevent overfitting to any specific detector.

3. Fusion of Thermal and Infrared Spectra: Another version of multispectral PDIC can

take into account visible spectra, as well as thermal and infrared spectra for images in

which visual contrast may be limited.

4. Generalization across Sites: The algorithm must be evaluated on various sites having

diverse habitats, seasons, camera models, and weather conditions to analyze generaliz-

ability.

5. Failure Case Analysis: Future evaluations must take missed detections, false positives,

species level misclassifications, and latency analysis in addition to mAP metrics.

On the whole, PDIC proves that an appropriate unsupervised enhancement algorithm

can help detect wildlife at night without compromising real-time detection capability.
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Abstract—The primary challenge for night-time wildlife detec-
tion using camera-traps is that images are often taken in low-
light, with non-uniform exposure, high sensor noise, motion blur,
and animals whose body texture is similar to forest backgrounds.
YOLOv5’s general object detectors are effective when they are
tested in daylight, but suffer from a significant loss in accuracy
when tested in infrared or low-light images of the same visual
categories. Here we provide a complete version of a Progres-
sive Dual-Branch Illumination-Contrast (PDIC) pre-processing
pipeline for night-time animal detection. The pipeline is designed
to improve the detection without retraining or modifying the
downstream YOLOv5 detector. It decomposes an input image into
illumination and reflectance using a Retinex inspired approach
followed by learnable brightness-curve adjustment and attention-
guided local contrast enhancement. Progressive fusion of the two
streams to brighten the severely underexposed areas without
amplifying noise and preserving object boundaries over multiple
refinement passes. Training is unsupervised with no reference
objectives like exposure control, spatial illumination smoothness,
color constancy, total variation, and gradient consistency. On the
NTLNP wildlife dataset, which is composed of 10344 night-time
infrared images of 17 animal categories, PDIC with the same
YOLOv5 detector achieves the best result, with a mAP50 of
0.883 and a recall of 0.868. The results are significantly better
than the baseline CLAHE+Retinex and are competitive with the
more recent detector-centric night-time models. The study shows
that adaptive preprocessing can be a detector-agnostic, modular
improvement stage for low-light wildlife monitoring.

Index Terms—Wildlife detection, image enhancement in low-
light conditions, Retinex decomposition, object detection using
YOLOv5, unsupervised learning, image preprocessing (CLAHE),
NTLNP dataset, camera traps

I. INTRODUCTION

Monitoring of wildlife is crucial to ecological research,
conservation planning, analysis of animal populations and
to the management of road safety [1]. Forest and nature
reserves and animal-crossing areas are ideal places to set up
camera traps that capture thousands of images daily for a
long time without a human observer being present. But a
significant amount of animal movement takes place at dusk,
night or early morning times. These scenes are challenging
to see: poor lighting, low contrast, distractive background,
small foreground animals, or animals that are in the foreground

and are similar in texture to foreground plants/shrubs. When
operating under this circumstance, automated object detection
is much more difficult than normal daylight detection [12]–
[16].

The YOLOv5 is an example of modern detectors that are
appealing for wildlife monitoring due to their high speed and
accuracy [2]–[6]. Compared with YOLOv4, YOLOv5 supports
the detection of multiple object categories in a single forward
propagation, and it is easy to use in practical systems [17]–
[19]. However, its convolutional characteristics are largely
acquired from pictures of objects with sharper outline, more
intense contrast, and more consistent statistics of light levels.
These visual cues are reduced in low-light, infrared camera
trap images. Animals in shadowed areas may not be detected,
branches and stones may be mistaken for the animals, or the
bounding box may be inaccurate if the outline of the animal
is not well-exposed on the image.

An obvious cure is to invest in a particular detector for
lots of nighttime information. This is useful where many
labels, computers and expertise are available. Labling data
on night time wildlife, however, are not widely available
and can be costly in many field deployments and difficult to
annotate. Researchers might also have a working detector and
may not want to alter the detector design. This is the area
that encourages an opposing effort – enhancement prior to
detection. Normally, if there is hidden object structure that
can be revealed by the preprocessing and the illumination
can be normalized so that the object structure remains visible,
then the same detector can be used on a more favorable input
distribution, preserving useful gradients.

The traditional enhancement methods are given as a good
beginning. Contrast Limited Adaptive Histogram Equalization
(CLAHE) enhances the contrast of the local area by re-
distributing the intensity values in small image tiles, and
Retinex based method is based on the idea of modelling
an image as a combination of reflectance and illumination.
The previous study used a CLAHE+Retinex preprocess for
an animal detection system, combining with YOLOv5, and
the preprocess proved useful for animal detection at night
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on highways. Fixed hand-crafted operations, however, have
the same parameters applied to all images. Forest camera-trap
data are considerably more variable: some images are virtually
black; some have bright infrared ”hot spots; some have fog or
rain; and some have animals whose body boundary can be seen
only in small local gradients. A fixed transformation could add
noise to one image and remove noise from another.

Alternative methods that enhance images in darkness are
suggested, such as deep low-light enhancement techniques.
The Zero-Reference Deep Curve Estimation (Zero-DCE)
demonstrated that the enhancement curves of an image can be
learned using a neural network without the presence of paired
normal-light targets [7]. The trainable modules in RetinexNet
and related decomposition networks were used to demonstrate
that one can estimate both illumination and reflectance [8]–
[11]. These are ideas that are strong but many enhancement
systems are built for the detection of human downstream
animals not the other way around. To reliably detect wildlife,
it is crucial to maintain structures that are important for the
detection (e.g. silhouettes, fur textures, legs, horns and head
contours) while at the same time avoiding artificial gradients
which can lead to false positives.

This work introduces Progressive Dual-Branch
Illumination-Contrast (PDIC) pipeline. The main idea
is to divide the problem of improving the light into 2
complementary subproblems. The first branch calculates
and corrects global illumination to render shadowed areas
visible. The second branch enhances the contrast of the
local areas making the boundaries of objects and texture
more prominent. The two outputs are fused adaptively and
progressively applied, over repeated passes. This is a blend
of the body of knowledge that Retinex theory provides, and
easily learned enhancement [20]–[25].

Its goal is not to replace YOLOv5 but to make the input
to be more suitable for detection. After an image has been
enhanced, it is immediately transferred to a fixed detector. This
modularity is relevant in real conservation applications due to
the ability to optimize the preprocessing stage without disturb-
ing the detector stage and to be able to add it to the existing
conservation systems. It also renders the method detector-
agnostic, as the experiments are conducted on YOLOv5 but
the same enhanced images can be fed to any other detection
backbones.

This paper makes the following main contributions. First,
an enhancement architecture of two stages is formulated for
night-time wildlife images, which consists of illumination
compensation stage and local contrast enhancement stage.
Second, a progressive refinement mechanism is added to
correct heavily underexposed regions whose values cannot be
reliably refined by a single pass. Third, an unsupervised loss
design is adopted, enabling enhancement to be learned without
paired bright images. Fourth, the method is evaluated on the
NTLNP dataset of 10,344 night-time wildlife images across
17 classes, showing better mAP50 and recall than other static
CLAHE+Retinex (retinex) preprocessing methods, and other
recent detector-centric approaches in the night-time image

domain.

II. RELATED WORK

In this section, we will discuss the classical enhancement
technique for night-time detection.Let’s now consider the
classical enhancement technique for night detection. There are
a number of classical preprocessing methods in use, which are
easy to implement, fast, and do not require labeled training
data. Histogram equalization is used to enhance the contrast
over an image, redistributing intensities, whereas CLAHE is
used in the local region and is designed to clip the histogram
to avoid excessive amplification. An important advantage of
CLAHE is that it can be used to lighten local structures in
low-light scenes without the need of a physical model of the
scene. But it can also increase sensor noise, particularly in
the darker parts of the image, where there may be very little
useful information in the histogram. Multi-scale Retinex was
later introduced in several spatial scales, with manual tuning
of the filter sizes and restoration parameters for each image
domain [21].

Retinex methods assume that an observed image is the
product of reflectance and illumination. Reflectance refers to
the intrinsic properties of the scene itself (its surface color and
texture), and the illumination is a description of the lighting
field. The illumination in the night time images is frequently
not uniformly distributed. Retinex correction will try to correct
this component to allow hidden reflectance information to
be seen. One drawback of the traditional variants of Retinex
is the use of handcrafted filters and smoothing assumptions.
If the estimation of the illumination is not correct, the
method can produce halos, changes in color, or unnatural
contrast. Although LIME demonstrated that an illumination-
map estimation can reduce the visibility problem in low-light
conditions, optimization of LIME has not yet been optimized
for the downstream metrics for the detection of wildlife [22].

Before using YOLOv5 inference for animal detection in
highways at night, Parkavi et al. [1] applied CLAHE and
Robust Retinex Model. The reported precision was high which
means that the detector could make reliable detections when
the target was visible. Recall was moderate, however, indicat-
ing that many animals were still not located. This is normal as
static improvement has a limited capacity to adjust to all night
time scenarios. The idea of pre-processing, which is a useful
concept, is preserved in the present work but with the fixed
enhancement replaced by trainable image-specific modules.

In this section, we will look at Detector-Centric Night-time
Wildlife Models. Another research direction involves making
changes to the detector itself. YOLOv8-night [2] added a
channel-attention mechanism for better feature selection for
night wildlife images. These detector-oriented approaches also
have their merit, as attention can highlight weak features of
the animals and block irrelevant background channels. Other
studies adopt refined feature pyramids, large kernel convolu-
tions or transformer modules [4], [8] to learn small object and
context. These methods are frequently found to increase the
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accuracy and involve training the detector architecture, and
may not be readily adaptable to current systems.

Night-video studies using YOLOv8 [3], [6] have demon-
strated that real-time detection of several animal classes,
such as elephant, bear, fox and other wildlife classes can be
achieved. Typically these pipelines contain resizing, normal-
ization, augmentation and brightness change. The enhance-
ment step is, however, usually a heuristic rather than a learned
process. Still struggles with occlusion, blur and dark scenes.
The difference is that PDIC does not require redesigning the
detector, but rather adaptive preprocessing. Enhances image
evidence for any detector, including a fixed YOLOv5 model.

A. Low-Light Enhancement Networks

The basic methods for deep low-light enhancement are used
to build trainable preprocessing. Zero-DCE computes a set of
pixel-wise curves for the brightening of images without using
any paired data. It suffers losses which lead to the adoption
of suitable exposure, color consistency, spatial consistency
and smoothness [7]. The Retinex assumption [10] is adopted
to train decomposition and adjustment modules for low-light
images in RetinexNet. Learning to See in the Dark shows that
neural networks can be used to recover visual structure from
very dark photographs that are captured in RAW files, but
for this supervised approach, paired long-exposure targets and
RAW input are needed [11]. ExDark also demonstrated that
under low illumination, the problem of localization confidence
is dramatically different, and that standard detectors often lose
localization confidence under such conditions [23].

The enhancement methods are mainly perceptual enhance-
ment. It is not always best to have a colourful picture for
object detection. Too much smoothing can eliminate edges that
a detector requires while too much sharpening can produce
false edges. The proposed pipeline is therefore a mixture of
enhancement objectives with a gradient consistency term in
order to reinforce the useful boundaries of objects without
introducing hallucinations.

In this case, approaches involving multispectral and Trans-
former data were employed. Recent research also covers
models based on transformers and multispectral detection.
IV-YOLO [20] is a network that fuses visible and infrared
arms to take advantage of complementary information. ADLT-
Former [8] is the adaptive dual learning of cattle detection in
low-light environments. These systems demonstrate that other
modalities or attention to the global give robustness. But they
need to be synced with other sensors, day/night augmentation
using synthetic days/night, or be trained for a specific domain.
Typically, camera-trapping sets will only collect one image
stream, either camera traps with infrared or camera traps in
low-light. This is the constraint of PDIC: it can only use the
available image and enhance it for detection.

B. Research Gap

Based on literature, three gaps are identified. The first is
that classical enhancement is efficient but it is not adaptive.
Second, changes that are detector-centric may be correct,

but need retraining, and may be model dependent. Third,
general low light enhancement networks are not necessarily
designed to be best suited for wildlife detection capabilities.
PDIC fills those gaps with an unsupervised, detector-agnostic
preprocessing pipeline that can be trained, and separates the
illumination correction task from the contrast refinement task
and applies them sequentially.

III. PROPOSED METHODOLOGY

The pipeline designed in this blog will allow enhancements
of low-light captures of the wildlife before these pictures are
fed into YOLOv5. The design is based on two observations
about failure cases at night: Many of them are due to either
too little global illumination or too little local contrast. These
two problems cannot necessarily be resolved by a single
enhancement operator. Blown highlights will increase noise
and lose highlights. It can enhance the contrast of the areas,
but may not show them when taken alone. Hence, PDIC takes
two branches and fuses their output progressive.

The retinex image formation model The method is inspired
by Retinex theory [21] that describes an observed image
I(x, y) as the product of reflectance R(x, y) and illumination
L(x, y):

I(x, y) = R(x, y) · L(x, y). (1)

The model here assumes that R represents the intrinsic object
appearance (fur pattern, body contour, color and texture), and
L is the light distribution. For night-time images, L is small
and non-uniform. This species might be visible in one image
but not so much in another because of the angle of the camera
and intensity of the infrared, occlusion by vegetation and
distance from the sensor. By estimating the value of L the
enhancement module can normalize the light without boosting
all the pixels.

A. Illumination Compensation Branch

The first branch, labeled FI , provides the approximation of
an illumination map of the low light input:

L̂ = FI(I). (2)

The branch is conceptualized as encoder-decoder CNN with
skip connections. The encoder records the illumination pattern
in context at multiple scales, and the decoder infers a dense
illumination map. Materials are focused to draw attention
to features relevant to brightness estimation. The reflectance
estimate is calculated by dividing elementwise:

Rinit(x, y) =
I(x, y)

max(L̂(x, y), ϵ)
, (3)

where ϵ = 10−3 to avoid calculating division by zero in almost
black areas. It is an operation that makes the image look more
normal and texture appears in the shadow regions of the image.

The branch is regularized by the edge-aware smoothness to
avoid unrealistic illumination maps:

Lsmooth =
∑
x,y

|∇L̂(x, y)| exp(−|∇I(x, y)|). (4)
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Architecture
of the proposed Progressive Dual-Branch Illumination-Contrast (PDIC) pipeline. The proposed modular preprocessing flow is

displayed as illumination branch, contrast branch, adaptive fusion stage and YOLOv5 integration.

Exponential weighting weight a lower penalty near strong
image gradients, which favors illumination changes near object
boundaries, but encourages smooth illumination over uniform
regions.

B. Learnable Brightness Curves

Once illuminated, PDIC uses learnable brightness adjust-
ment inspired by curve-estimation techniques. A curve param-
eter map A describes the amount of brightness to which each
pixel is to be subjected:

E(I) = I +AI(1− I). (5)

The advantage of this formulation is that it does enhance the
dark intensities, more than already-bright intensities, when
A > 0. Iterative application of such curves will help to
gradually enhance without clipping the high lights. There is
no fixed gamma correction, rather the parameters of the curve
are predicted from the image; and this means that some areas
of the image might get stronger enhancement, while others get
a weaker one.

C. Contrast Enhancement Branch

The second branch, called FC , allows to refine local details
in the illumination normalized image:

R̂corr = FC

(
I

L̂

)
. (6)

The branch incorporates residual blocks, spatial attention,
channel attention and multi-scale convolutions. The residual
blocks maintain the same information for training only the
residual part. The multi-scale filters are used to retain the finer
details like fur, eyes, legs and horns, or larger silhouettes like
the shape of an animal’s torso or head. The regions around
the target are suppressed from the attention because most of
the enhancements would amplify noise.

To avoid over-sharpening there is a gradient consistency
term:

Lgrad =
∑
x,y

∣∣∣∣∣∇R̂corr(x, y)−∇

(
I(x, y)

L̂(x, y)

)∣∣∣∣∣ . (7)

This loss will make the network want to reinforce the existing
boundary, not create new ones. For detection it is crucial since
YOLO-like models are sensitive to artificial contours.

D. Adaptive Fusion

The corrected reflectance and illumination are used to
reconstruct the enhanced image:

Iout(x, y) = R̂corr(x, y) · L̂(x, y). (8)

An adaptive blending weight α(x, y) ∈ [0, 1] can be learned
to adaptively fuse improved and original content:

Iout = α · R̂corr · L̂+ (1− α) · I. (9)
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The weight comes in handy when areas of images are already
well exposed. For instance, an ir-hotspot in the center should
not be over-corrected and an animal at the border might need
more correction.

E. Progressive Refinement

If the image is very under exposed, it may not be possible to
salvage it in a single pass. So PDIC uses an iterative process
of refinement:

I(k+1) = Φ(I(k)), I(0) = I, (10)

where Φ is a dual-branch enhancement operator. In practi-
cal situations, several passes are not needed. The first pass
enhances coarse structure, the second pass helps to see mid-
level structure, and the third pass gives local contrast. Instead
of trying an aggressive transformation on a single image,
progressive refinement is safer as it can be applied to parts
of an improved image.

F. Unsupervised Training Objective

Since paired low-light and normal-light wildlife images are
seldom available, PDIC is trained using no-reference losses.
Inverse color constancy loss is penalizing channel imbalance:

Lcolor =
∑

c∈{R,G,B}

(µc(Iout)− µ̄)2, (11)

where µc is the channel intensity of channel c and µ̄ is the
average value taken over all the channels. The loss of exposure
promotes proper brightness:

Lexp = (mean(Iout)− 0.6)
2
. (12)

The total variation loss is used to remove noise in the smooth
areas:

Ltv =
∑
x,y

|∇Iout(x, y)|. (13)

The complete objective is:

Ltotal = λ1Lsmooth+λ2Lgrad+λ3Lcolor+λ4Lexp+λ5Ltv.
(14)

The hyperparameters λ1 to λ5 weigh in physical plausibility,
perceptual quality, and structure that is conducive to detection.

G. YOLOv5 Integration

Enhanced Iout is then directly input to YOLOv5. No
retraining or modification of the detector. This is core to
the methodology; all performance improvements are due to
improved pre-processing. In the deployment, the pipeline can
be plugged into camera capturing and detector inference. The
number of progressive passes can be decreased, and/or the
enhancement network can be compressed by pruning and/or
quantization, if compute is limited.

TABLE I
DETECTION PERFORMANCE COMPARISON.

Method mAP50 Recall

CLAHE + Retinex + YOLOv5 [1] 0.800 0.773
YOLOv8-night [2] 0.855 –
PDIC + YOLOv5 0.883 0.868

IV. RESULTS AND DISCUSSION

A. Dataset and Evaluation Protocol

The evaluation uses the NTLNP dataset, which contains
10,344 night-time infrared wildlife images across 17 animal
categories. The dataset is appropriate for this task because
it represents real forest camera-trap conditions rather than
controlled laboratory images. It includes difficult cases such
as small animals, partial occlusion, cluttered vegetation, weak
infrared illumination, and species with similar body texture.

YOLOv5 is used as the downstream detector and is kept
fixed during evaluation. Each image is first processed by PDIC
and then passed to YOLOv5. Performance is measured using
precision, recall, F1 score, mAP50, and mAP50–95. Recall is
especially important for wildlife monitoring and road safety
because a missed animal can be more harmful than a small
number of false positives.

For a fair evaluation, the baseline and proposed method
should be executed on the same test split using identical de-
tector settings. The CLAHE+Retinex baseline, the unenhanced
YOLOv5 detector, and PDIC+YOLOv5 should share the same
confidence threshold, non-maximum suppression threshold,
input resolution, and class list. This prevents preprocessing
improvements from being confused with threshold tuning. The
only variable changed in the proposed configuration is the
image supplied to the detector.

B. Overall Detection Performance

Table I compares the proposed pipeline with represen-
tative baselines. The PDIC+YOLOv5 combination reaches
mAP50 of 0.883 and recall of 0.868. Compared with the
CLAHE+Retinex+YOLOv5 baseline, recall improves from
approximately 0.773 to 0.868. This indicates that more true
animals are detected after adaptive enhancement. The mAP50
improvement from about 0.80 to 0.883 also indicates better
localization and confidence ranking.

The improvement is meaningful because the detector itself
is unchanged. The result suggests that a significant portion of
night-time detection failure comes from poor input visibility
rather than insufficient detector capacity alone. By making
object evidence clearer, the existing feature extractor can
respond more strongly to animals in low-light scenes.

V. CONCLUSION

This paper is a research report of Progressive Dual-Branch
Illumination-contrast (PDIC) preprocessing pipeline for night-
time animal detection. It is based on the Retinex technique,
learnable brightness curves, attention-driven contrast enhance-
ment, adaptive fusion, and progressive refinement. It is trained
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non-supervised on losses that promote exposure quality, spatial
smoothness, color balance, total variation control and gradient
consistency.

The conclusion of the key result is that, even if the detector
is not changed, significant improvement is possible in the de-
tection by utilizing improved pre-processing. For the NTLNP
data set, YOLOv5 improves upon the CLAHE+Retinex base-
line with 0.883 mAP50 and 0.868 recall, and with competi-
tive performance compared to specialized night-time detector
architectures. This reinforces the argument that smart prepro-
cessing isn’t just about pretty pictures: it can be used directly
to enhance feature quality that can be fed into object detectors.

Future work should include an evaluation of the pipeline
with more camera-trap data, detailed ablations per class, tim-
ing on embedded devices and joint optimization of the pipeline
with the detectors. If lightweight versions based on pruning,
quantization, or conditional enhancement are developed, the
method becomes suitable to be deployed in real-time systems
for road safety and deployed in battery-powered systems in
the field.
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Abstract—Many species targeted are nocturnal or crepuscular,
which make them poorly represented in daytime observations
and therefore a focus of the night-time wildlife detection, road-
safety mitigation, anti-poaching and ecological decision support.
This review summarizes recent advances in computer-vision
techniques for night- and low-light monitoring of wild animals
with a focus on publications from 2022–2025, as well as on some
related foundational research that is still technically appropriate.
The examined literature includes convolutional detectors, models
from the YOLO family, transformer and hybrid architectures,
thermal and infrared imaging, camera-trap analytics, the use
of unmanned aerial vehicles (UAVs) for monitoring, multimodal
sensing, and edge-AI deployment. In the literature, the YOLOv5–
YOLOv8 series and lightweight CNN architectures are dominant
in real-time applications due to their good speed–accuracy trade-
offs, while transformer-based detectors have better contextual
reasoning and occlusion handling capabilities, but they need
more compute power and larger datasets. Thermal and near-
infrared modalities are particularly useful during night-time and
are hindered by sensor noise, low spatial resolution, temperature-
dependent contrast and small annotated wildlife datasets. Public
camera-trap resources and overall low light/thermal data have fa-
cilitated benchmarking, but there has been a significant challenge
to consistently deploy cameras across geographic regions, seasons,
sensors, and species. The review reveals ongoing issues with small-
object recognition, motion blur, vegetation and livestock false
positives, energy-limited edge inference and transparent decision-
making for conservation stakeholders. The work presented here
should be built on other novel techniques, such as self-supervised
pretraining, foundation models, federated learning, generative
augmentation, explainable AI, and sensor-aware edge optimiza-
tion, to create scalable, reliable, and field-ready NWD systems.

Keywords: night-time wildlife detection, camera traps, ther-
mal imaging, infrared vision, YOLO, transformer detectors,
edge AI, conservation technology.

I. INTRODUCTION

Wildlife monitoring can help to support population estima-
tion, species distribution modelling, habitat management, road-
collision mitigation and enforcement against illegal hunting.
While traditional field surveys, manual camera-trap inspection,
radio telemetry, and direct observation continue to be valuable
tools, they are not scalable when conservation programs need

to sift through millions of images across the varied land-
scapes. Thus, conservation technology is increasingly relying
on computer vision for the automated detection, classification,
counting and event triage in images, video, thermal streams,
and UAV footage of animals [1]–[3].

The monitoring is especially important at night. Night
is the peak time of activity for many mammals, reptiles,
amphibians and some birds; human disturbances can cause
animal behavior to change from daytime to nighttime activity.
Other applications include road corridors, farms, protected-
area boundaries, railway lines and anti-poaching patrols, where
early warning requires speedy recognition in low-light con-
ditions. Visual conditions, however, that promote the eco-
logical value of night-time monitoring also present technical
challenges. The low photon rates, sensor gain noise, glare
from active infrared emitter, rain, fog, movement blur, partial
occlusion, cluttered vegetation and long-tailed distributions
reduce detection performance. While thermal cameras reduce
reliance on visible light, they also present several challenges:
reduced resolution, reflection of heat in the scene, small
differences in appearance between classes, thermal variation
in daytime, and lack of labelled datasets.

Deep learning has revolutionized the capabilities of wildlife
detection. Two-stage detectors like Faster R-CNN are use-
ful when accuracy and localization quality are the primary
concerns, while single stage CNN detectors like SSD, Reti-
naNet, EfficientDet, YOLO are useful for real-time infer-
ence, transformer-based detectors like DETR, Deformable
DETR, DINO, Grounding DINO and Swin-based hybrids
like DINO/RetinaNet and DINO/SSD enhance global context
modelling [4]–[8]. Meanwhile, the development of model
families like YOLOv7, YOLOv8, YOLOv9, and YOLOv10
has spurred field deployment due to their high throughput
and convenient training pipelines [9]–[12]. There are recent
foundation models and segmentation systems that further push
the design space for detection, prompting, pseudo-labelling,
and annotation acceleration like sam [13] and dinov2 [14].

This review is concentrated on the night-time wildlife detec-
tion through computer vision, especially during the time frame
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TABLE I
REPRESENTATIVE RECENT APPROACHES FOR NIGHT-TIME OR LOW-LIGHT WILDLIFE-RELATED DETECTION. REPORTED SCORES VARY BY DATASET AND

SHOULD NOT BE INTERPRETED AS DIRECTLY COMPARABLE.

Authors Year Method Dataset/source Metric Key contribution

Beery et al. [1] 2024 Benchmark chal-
lenge detectors

iWildCam camera
traps

mAP/F1 Large-scale camera-
trap benchmarking and
domain-shift analysis

Wang et al. [9] 2023 YOLOv7 COCO/custom
transfer

AP/FPS Efficient real-time detec-
tor architecture widely
reused in wildlife sys-
tems

Jocher et al. [10] 2023 YOLOv8 Custom object
datasets

mAP/FPS Anchor-free practical
baseline for conservation
deployments

Wang et al. [11] 2024 YOLOv9 COCO/custom
transfer

AP/latency Programmable gradient
information for efficient
detection

Wang et al. [12] 2024 YOLOv10 COCO/custom
transfer

AP/latency NMS-free real-time ob-
ject detection design

Zhang et al. [7] 2022 DINO detector COCO/custom
transfer

AP Strong transformer de-
tector for high-accuracy
offline analysis

Liu et al. [8] 2023 Grounding DINO Open-vocabulary
data

AP/zero-shot Promptable detection
useful for annotation and
rare-species discovery

Kirillov et al. [13] 2023 SAM Segmentation
prompts

IoU Foundation segmentation
for mask-assisted
wildlife annotation

Oquab et al. [14] 2024 DINOv2 Self-supervised
pretraining

transfer AP General visual represen-
tations for small labelled
datasets

Jia et al. [15] 2021 LLVIP baseline
fusion

Infrared-visible
pairs

AP Foundational low-light
IR-visible benchmark
for night detection

Night sensors
RGB + IR + thermal

Pre-processing
denoise, enhance, align

Detector
CNN, YOLO, DETR

Edge inference
quantize, prune, cache

Post-processing
NMS, tracking, filtering

Outputs
species, alert, record

Architecture of a nighttime wildlife detection pipeline.

2022-2025. It has four-fold contributions. First, it categorizes
recent approaches into four groups: CNN, YOLO, transformer
and multimodal/thermal. Secondly, it provides an overview
of datasets and evaluation protocols for nocturnal wildlife
monitoring. Third, it doesn’t just provide benchmark scores;
it discusses ongoing issues with field deployment. Fourthly,
it pinpoints research areas and future prospects for strong,
effective and reliable night-time monitoring systems.

II. RECENT APPROACHES FOR NIGHT-TIME WILDLIFE
DETECTION

A. CNN-based Detection Methods

Classical deep detectors are still applicable in nocturnal
wildlife monitoring due to their inductive bias of image

grids and their ability to be trained with moderate levels of
annotations. For camera trap and UAV imagery, particularly
when animals are small in the image or partially covered by
vegetation, faster R-CNN and its variants based on feature
pyramids ( [16]) are typically used as accuracy baselines.
During night-time scenarios, two-stage proposals can better
localize a weak silhouette of an animal than very lightweight
single-stage proposals, but the drawback is that it takes more
time and energy than the single-stage proposal. However, there
are more deployment friendly alternatives that avoid the need
for proposal generation and instead perform dense prediction:
SSD [17], RetinaNet [18] and EfficientDet [19]. The focal
loss of RetinaNet is particularly important for camera-trap
streams as many of the frames also include objects from the
background that are not of interest and hence lead to high
foreground to background imbalance.

Recent camera trapping studies indicate that CNN detectors
are typically used in conjunction with ecological filtering,
such as in workflows for video localization, small mammal
processing, active learning, ensemble separation of the wildlife
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images, long-tailed recognition, and edge camera trapping
classification, instead of individually [20]–[25]. Pre-processing
systems that utilize the concept of animal/person/vehicle local-
ization from the MegaDetector paradigm can exclude empty
images from the species classification stage, which decreases
the time and effort required for manual review and reduces the
burden of annotation.Mechanisms similar to the MegaDetector
paradigm for animal/person/vehicle localization can be used
to filter out empty images prior to species classification, thus
reducing the amount of annotation and manual checking. The
concept of domain adaptation is vital: models trained on one
reserve could not be deployed at another due to differences
in vegetation, lighting, the type of infrared flash, camera
orientation, and species diversity. CNN backbones can learn
thermal signatures well but feature-pyramid design, anchor
selection and super-resolution pre-processing is of significance
for small mammals and birds, which can only occupy a few
pixels in thermal monitoring.

B. YOLO-based Models

YOLO-family detectors are the most popular for wildlife
surveillance due to their trade-off between accuracy, speed
of inference, availability of software and edge deployment.
YOLOv5 and YOLOv7 are popular choices for camera trap
and UAV applications, as they can be trained on custom
datasets and have compact variants for use on devices, like
NVIDIA Jetson modules. YOLOv8 added a new anchor-free
module and has been widely used as a baseline for conserva-
tion prototypes, while YOLOv9 and YOLOv10 appear focused
on better gradient information flow and end-to-end efficiency
[9]–[12].

Typically, YOLO models are modified in four ways to detect
wildlife during the night time. The first are attention modules
or feature-enhancing blocks to boost weak contours of animals
in IR and low-light images. Second, the small-object heads or
higher resolution input tiles are used in the case of a distant
animal in UAV imagery. Third, lightweight backbone and
pruning/quantization are adopted for edge inference. Fourth,
temporal post-processing minimises false positives due to
sensor artefacts, raindrops, headlights and vegetation. YOLO is
found to be appropriate for ecological analytics and real-time
alerting, with examples like UAV habitat-object detection and
roadkill-inspired wildlife warning prototypes [27], [28] featur-
ing reported systems with various evaluation metrics, including
precision, recall, F1-score, mAP@0.5, mAP@0.5:0.95, and
FPS.

Transformer-based and Hybrid Methods Transformer based
object detectors overcome the shortcomings of purely conv-
based models by introducing long-range context and object re-
lation modeling. Instead, DETR replaced anchor-based predic-
tion by bipartite matching and eliminated hand-designed an-
chors and non-maximum suppression [4]. Deformable DETR
enhanced the convergence and multi-scale attention, thus
making transformer detection more feasible for small objects
[5]. For denoising training and query design, DINO and
its variants further enhanced the process [7]. In the context

of wildlife images, these properties are appealing because
animals are often camouflaged, partially visible and not in
simple backgrounds.

Hybrid CNN–transformer approaches are particularly
promising for night-time monitoring. CNN layers are designed
to extract local texture efficiently, while the Swin Transformer
blocks or deformable attention layers are added to capture
other context information, like the animal-road relationship,
the animal herd structure, or the repeated thermal blobs in a
frame [6]. However, not all transformers are created equal.
They are generally more data-hungry, more augmenting, and
have higher memory bandwidth than the YOLO variants. If
the transformer detector is used in small datasets, it can easily
overfit without using large-scale pretraining like DINOv2,
Grounding DINO, or Segment Anything workflows [8], [13],
[14]. In this sense, their first use might be in assisting in
annotations, pseudo-labelling, open vocabulary search, and
high accuracy offline analysis, more than in battery-powered
real-time alerts.

The multi-modal and thermal imaging approaches are ex-
plored. Sensor diversity has significant advantages for night-
time detection. The advantages of passive thermal cameras are:
they do not require any light to detect the heat contrast; they
give a morphology of familiar animals in grayscale images;
the advantages of active infrared camera trap are: they are
triggered by heat; the advantages of RGB camera are: they
provide the context of colour in the day; the advantages of
radar or acoustic sensors are: they trigger the visual capture
according to the heat contrast; and the advantages of the
UAV platforms are: they provide flexible spatial coverage. The
fusion could be performed at the pixel level, feature level, level
of decision or track level. Feature-level fusion has the benefits
of learning complementary representation between RGB and
thermal images, while decision-level fusion is more convenient
to deploy when the field of view and frame rate of the sensor
are different.

Thermal and infrared methods are especially pertinent in the
case of large mammals, roadside detection and anti-poaching
surveillance. Public thermal datasets like FLIR ADAS, LLVIP
are not animal-specific but they can be used for pretraining
and evaluation of low-light pedestrian/vehicle detectors with
architectures that can be transferred to animals [15], [29].
Thermal data for specific wildlife are limited and many studies
utilize special UAV flights, camera traps, or controlled field
recordings. Thermal imagery often increases detectability at
night but decreases separability of species due to lack of
texture and colour. Therefore, having a robust pipeline means
applying thermal detection for localization and alerting, and
if available, then applying RGB/IR confirmation in a second
stage.

III. DATASETS AND PERFORMANCE EVALUATION

Camera-trap datasets are the key empirical basis for wildlife
detection. They contain large passive observations, but labels
may describe species, boxes, image-level presence, sequence
events, or blanks. The iWildCam benchmark series focuses on
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TABLE II
DATASETS OF RELEVANCE FOR NIGHTTIME WILDLIFE DETECTION AND RELATED LOW-LIGHT/THERMAL PRETRAINING.

Dataset Main
years

Modality Annotation type Relevance and limitation

iWildCam [1] 2022–
2024

RGB/IR camera
trap

image labels and
boxes

Strong benchmark for camera-trap do-
main shift; not exclusively nocturnal

LILA BC [30] active camera-trap
ecology images

mixed labels Aggregates conservation datasets; an-
notation granularity varies

Snapshot data [31] base RGB/IR camera
trap

species/event labels Ecologically large; limited bounding
boxes for detection studies

MegaDetector [26] active camera trap animal/person/ ve-
hicle

Practical detector pretraining and
empty-image filtering

FLIR ADAS thermal
[29]

2022 thermal/RGB boxes Useful thermal pretraining; road ob-
jects dominate

LLVIP [15] 2021 infrared-visible
pairs

pedestrian boxes Foundational paired low-light bench-
mark; not wildlife-specific

ExDark [32] base low-light RGB boxes/classes Useful for low-light robustness; limited
ecological relevance

Custom UAV ther-
mal data

2022–
2025

thermal/RGB
aerial

boxes/counts Relevant to nocturnal surveys; often
private and site-specific

domain shift across camera locations and ecological contexts
[1]. LILA BC supports reproducible benchmarking across con-
servation datasets [30], while Snapshot data remain useful at
ecological scale despite limited night-specific bounding boxes
[31]. Recent workflows combine these data with MegaDetector
for empty-frame filtering and local target-species annotation
[26].

Thermal and infrared datasets are less mature. FLIR ADAS
and LLVIP provide paired or thermal imagery useful for night-
driving contexts, but their taxonomic content is not wildlife-
centred [15], [29]. Public UAV thermal wildlife corpora remain
limited, weakening cross-paper comparison and generaliza-
tion tests. Low-light datasets such as ExDark can support
robustness studies, although enhancement quality does not
necessarily correlate with animal detection accuracy [32].

Evaluation should match deployment goals. Precision, re-
call, and F1-score summarize reliability and completeness; IoU
measures localization overlap; and mAP summarizes precision
across classes and confidence thresholds. Conservation triage
may prioritize recall, whereas road-warning and anti-poaching
systems require high precision and low latency. FPS, model
size, energy per inference, memory footprint, and weather
robustness should therefore accompany mAP.

IV. CHALLENGES AND FUTURE RESEARCH DIRECTIONS
IN NIGHT-TIME WILDLIFE DETECTION

Night-time detection is limited by low illumination, infrared
glare, motion blur, occlusion, and small target scale. Thermal
sensing reduces dependence on visible light, but warm rocks,
livestock, humans, engines, and sun-heated backgrounds can
produce false positives, while small animals may disappear
when thermal contrast is weak. Data scarcity further amplifies

these errors because rare species and unusual night conditions
are under-represented.

Robust systems must therefore combine sensor-aware en-
hancement, camera-disjoint evaluation, uncertainty calibration,
and human-in-the-loop review. Edge deployment adds strict
limits on latency, energy, storage, and communication, so prun-
ing, quantization, distillation, and event-triggered inference are
essential.

A. Emerging Trends and Future Research Directions

Edge AI, self-supervised learning, foundation models, and
federated learning are the most important directions. On-
device inference can reduce bandwidth and enable real-time
alerts [33], [34], while DINOv2, SAM, and Grounding DINO
can support transfer learning, pseudo-labelling, and rare-
species discovery [8], [13], [14]. Federated training can exploit
distributed conservation data without centralizing sensitive
images, and explainable AI can improve trust by revealing
whether decisions depend on animal morphology or back-
ground shortcuts.

V. COMPARATIVE ANALYSIS AND DISCUSSION

The literature shows an accuracy–latency–robustness trade-
off. Two-stage CNNs remain effective for accurate offline lo-
calization, while SSD, RetinaNet, EfficientDet, and especially
YOLO variants are more feasible for edge localization. YOLO
models provide the strongest current deployment balance, but
they can fail across camera sites, seasons, sensors, and species
if domain shift is not explicitly assessed.

Transformers and foundation models are useful for con-
textual reasoning, annotation, and rare-class discovery, but
they are often too memory-, data-, and energy-intensive for
field devices. Thermal and multimodal systems improve night
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TABLE III
RESEARCH-GAP MATRIX FOR NIGHT-TIME WILDLIFE DETECTION.

Gap Current limitation Research opportunity Expected impact

Public nocturnal datasets Few labelled wildlife thermal/IR bench-
marks

Multi-site night datasets with boxes and
metadata

Reproducible comparison

Small-object detection Distant UAV animals occupy few pixels Tiling, temporal fusion, scale-aware heads Better aerial surveys
Cross-site robustness [1] Models overfit location and vegetation Domain adaptation and self-supervised pre-

training
Lower relabelling cost

Edge deployment [25], [33] High-mAP models exceed power budgets Quantization, pruning, TinyML triggers Longer unattended operation
Multimodal fusion RGB, IR, and thermal streams remain

under-integrated
Calibrated feature and decision fusion Reliable all-weather detection

Rare species [8], [24] Long-tailed classes lack examples Few-shot, open-vocabulary, generative aug-
mentation

Threatened-species monitoring

TABLE IV
COMPARATIVE EVALUATION OF THE MAIN METHOD FAMILIES FOR NOCTURNAL WILDLIFE DETECTION.

Method family Strengths Weaknesses Real-time feasibility Best use case

Faster R-CNN/FPN [16] accurate localization slow, heavy memory require-
ment

moderate–low offline camera-trap analysis

SSD/RetinaNet/EfficientDet
[17]–[19]

efficient dense prediction weak on tiny low-contrast tar-
gets

moderate–high embedded monitoring

YOLOv5–YOLOv10 [9]–
[12]

fast, deployable ecosystem domain shift and false posi-
tives

high real-time alerts and UAV
scans

DETR/DINO/Swin hybrids
[4], [6], [7]

global context modelling high data and compute de-
mand

low–moderate occlusion-heavy offline analy-
sis

Foundation models [8],
[13], [14]

annotation and transfer sup-
port

large models, uncertain field
robustness

low without distilla-
tion

pseudo-labelling and rare-
species search

Thermal/multimodal fusion
[15], [35]

robust to darkness sensor cost and loss of texture moderate night roads and anti-poaching

detection, yet the loss of colour and texture cues limits fine-
grained species recognition. Future evaluations should report
camera-disjoint splits, night-specific metrics, latency on named
hardware, and failure cases alongside mAP.

VI. CONCLUSION

Over the past few years, the development of night-time
wildlife detection has made significant advances, including
CNN detectors, YOLO-family real-time models, multi-modal
sensing, and transformer architectures, as well as thermal
imaging. YOLO is prevalent for real-time implementations,
while larger CNN or transformer models are used for offline
analysis and support for annotation. While thermal and in-
frared sensors are essential for night vision, they cannot solve
the problems of small objects, occlusions, thermal ambiguity
or species-level identification.

The main shortcoming of current systems is not the lack
of high detection capability, but the difference in performance
from the bench to the field. The datasets are still siloed, a
significant number of thermal wildlife datasets are private, and
the protocols for evaluating the datasets do not necessarily
test whether they can be adopted across sites, over seasons
and across sensors. Shared nocturnal benchmarks, multimodal
fusion, self-supervised pre-training on ecological imagery,
edge-aware model compression, uncertainty estimation and
human-centred explainability are the most significant areas
that need future research. Future generations of systems will
combine robust sensing, efficient inference, easy-to-understand
decision support and ecological validation to achieve conser-
vation results and not simply detection accuracy.
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