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1 Abstract: In recent years, due to the advancement of machine learning, object detection has become 
2 a mainstream task in the Computer Vision domain. The first phase of object detection is to find the 
3 regions where objects can exist. With the improvement of deep learning, traditional approaches 
4 such as sliding windows and manual feature selection techniques have been replaced with deep 
5 learning techniques. However, object detection algorithms face a problem when performing in low 
6 light, challenging weather, and crowded scenes like any other task. Such an environment is termed 
7 a challenging environment. This paper exploits pixel-level information to improve detection under 
8 challenging situations. To this end, we exploit the recently proposed hybrid task cascade network. 
9 This network works collaboratively with detection and segmentation heads at different cascade 

10 levels. We evaluate the proposed methods on three complex datasets of ExDark, CURE-TSD, and 
11 RESIDE and achieve an mAP of 0.71, 0.52, and 0.43, respectively. Our experimental results assert 
12 the efficacy of the proposed approach.

13 Keywords: object detection; challenging environments; low-light; image enhancement; complex 
14 environments; deep neural networks; computer vision

1. Introduction15

One of the most important and widely used tasks in the field of computer vision16

is object detection. Over the years, many techniques have been employed to improve17

the performance of object detection. Object detection has various applications such as18

instance segmentation [1–3], visual question answering [4], image captioning [5,6], object19

tracking [7], activity recognition [8–10] and so on. The process of object detection can be20

broken down into the following steps: identifying the object and spatial localization of21

the object to provide exact coordinates of the object’s location.22

The environment of object detection algorithms is mainly categorized into two types23

[11], object detection in a general environment and object detection in a challenging24

environment. A general environment is rich in contextual features and has low object25

cluttering and occlusions. Compared to the general environment, a challenging envi-26

ronment is composed of low contextual features, object cluttering, various occlusions,27

and objects merged with the background. In real-time scenarios, it is frequent that the28

input images received by the object detection network are not spatially rich as they are29

captured in complex scenarios and have low-light conditions. In this paper, we have30

referred all these situations to a challenging environment.31
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(a) Generic Object Detection (b) Challenging Object Detection
Figure 1. Visual illustration of the different between object detection in a generic and challenging environment. Figure 1a is a sample
image taken from the COCO dataset [12], whereas Figure 1b is taken from the ExDark datset [13]. The blue color represents ground
truth annotation.

Recently, various approaches like a fusion of domains using glue layers [14], fus-32

ing thermal images with RGB images [15] and combination [16] of Deep Convolution33

Generative Adversarial Networks (DCGAN) [17] and Faster R-CNN [18] have been34

proposed to tackle the problem of object detection in challenging environments. These35

approaches improved the performance, but are dependent on image enhancement as a36

pre-processing step and prior assumptions about the type and shape of objects.37

In one of the recent works, Ahmed et al. [11] investigated the capabilities of modern38

object detection algorithms on the datasets captured either in low illuminance environ-39

ment or in harsh conditions. In this paper, by taking a step forward in this direction, we40

propose a framework that leverages pixel-level information by employing the powerful41

recently proposed Hybrid Task Cascade (HTC) network with a pre-trained ResNext-10142

as a backbone network. The proposed pipeline is depicted in Figure 2.43

To encapsulate, the main contributions of this work are explained below:44

• This paper presents an end-to-end optimizable framework to tackle the problem of45

object detection under low illuminance and arduous conditions.46

• We evaluate the proposed method on three different challenging datasets and47

achieve an mAP of 0.71, 0.52, and 0.43 on the datasets of ExDark, RESIDE, and48

CURE-TSD, respectively.49

• Unlike previous works, the presented system does not rely on any pre-processing50

techniques such as image enhancement to accomplish the results.51

The remaining article is organized as follows. Section 2 describes the prior literature52

dealing with both generic and challenging environments through traditional computer53

vision or statistical learning-based approaches. Section 3 talks about the presented object54

detection framework and describes the individual components.Section 4 presents the55

comprehensive overview of employed datasets. Section 5 explains the experimental56

details, evaluation metrics and presents a quantitative and qualitative analysis of the57

proposed system. Section 6 ends the paper with a brief conclusion and a discussion on58

the future work.59

2. Related work60

Previous work in the field of object detection can be distinguished into two cat-61

egories, namely generic object detection and object detection in challenging environ-62

ment [11]. Section 2.1 provides a brief overview of earlier approaches based on traditional63

computer vision algorithms to solve object detection in both generic and visually difficult64
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environment. Section 2.2 discusses learning-based mainly deep learning-based methods65

in both environments.66

2.1. Traditional Approaches67

In the early days of computer vision [19], traditional algorithms used for object68

detection required handcrafted features and manual parameter tuning. Traditional69

algorithms can be categorized into approaches for the generic environment and the70

challenging environment.71

2.1.1. Generic Environment72

The first traditional algorithm was Viola-Jones(VJ) detector [20], which used a slid-73

ing window approach to find objects. Later, more advanced algorithms like Histogram74

of Oriented Gradients (HOG) Detector [21] and Deformable Part-based Model [22] were75

introduced. Over the years, various surveys have been conducted on object detection in76

general environment [23–26] comparing different architectures from traditional to deep77

learning-based approaches, along with various datasets used as benchmarks to evaluate78

the performance of each algorithm [27].79

2.1.2. Challenging Environment80

For challenging environments, traditional approaches for object detection employed81

template matching [28,29]. These approaches are difficult to extend to multiple classes,82

as for each object, a template is required. Later, Constantine et al. [30] proposed a method83

that uses wavelet representation with a support vector machine to detect objects in a84

given input image. The wavelet representation was calculated from statistical analysis85

of class instances. Another approach by Shirai et al. [31] for detecting objects required86

manual parameter tuning to find all objects and needed a few assumptions such as type87

and shape of an object prior to detection.88

2.2. Machine Learning-Based Approaches89

Nowadays, deep learning-based algorithms are preferred as they automatically90

learn features and tune hyper parameters to find optimal results [32]. Like traditional91

approaches, learning-based approaches can be divided into two groups, learning-based92

approaches for generic environments and for challenging environments.93

2.2.1. Generic Environment94

R-CNN [33] was the first learning-based network introduced in 2014 to solve95

the object detection problem. The network first extracted region proposals from the96

input image using selective search [34] and then combined them with Convolutional97

Neural Networks (CNN) to find objects. In 2015 Fast R-CNN [35] an improved version98

of R-CNN was proposed. Fast R-CNN passed the input image through CNN first99

to generate feature maps compared to its predecessor. Proposal regions were then100

selected from these generated feature maps using selective search. To take full advantage101

of resources, GoogleLeNet [36] was introduced after Fast R-CNN. Compared to the102

previous networks, GoogleNet architecture allowed an increase in the width and depth103

of the network while keeping computation low. Compared to traditional algorithms,104

these networks performed better but still relied on selective search. Faster R-CNN [18]105

was the first network introduced that performed detection without relying on selective106

search. Faster R-CNN used a CNN network known as region proposal network (RPN)107

[18] to find region proposals. In the year 2016, DenseNet [37] was introduced. DenseNet108

solved the vanishing-gradient problem and reduced the number of parameters required109

for training.110

Later, Mask R-CNN [38] an extension of Faster R-CNN was introduced. Mask R-111

CNN extended Faster R-CNN [18] to pixel-level image segmentation by introducing an112

additional branch. Later in 2017, Retina-Net [39] was introduced, utilizing feature pyra-113
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mid networks (FPN) [40] and focal loss to improve features and perform better detection.114

To solve the problem of overfitting, Cascade R-CNN [41] was introduced. The cascaded115

architecture reduces the Intersection Over Union (IoU) mismatches during training and116

inference time. Extending the network architecture of Cascade R-CNN, Hybrid Task Cas-117

cade [42] was introduced in 2019 with an additional branch for segmentation tasks. As118

backbones are an essential component of object detection algorithms, recently proposed119

several works have been continuously improving the results over the years. One such120

example is Swin Transformer [43] introduced recently in 2021. The transformer-based121

architecture allows for greater efficiency by introducing a window-based self-attention122

mechanism and Hierarchical feature maps generation.123

2.2.2. Challenging Environment124

Recent advancement in deep learning-based algorithms has given rise to various125

approaches to improve object detection in challenging environments [11]. Sasagawa126

et al. [14] proposed an approach to detect objects under low illumination by taking127

advantage of state-of-the-art algorithms and techniques of transfer learning. The idea128

is to combine two models from different domains with the help of a generative model129

and glue layers. Further, to train both models properly, the authors propose using the130

knowledge distillation technique. First, spatial features are extracted from input by using131

an encoder-decoder network [44] composed of convolutional [45] and pooling layers132

[46]. With the help of pooling, layer features of different sizes and shapes are generated.133

The learned latent representation from the encoder-decoder network is propagated to134

the glue layer. After performing various experiments, the authors have established that135

the concatenation of all latent features produces the optimal result. After the glue layers,136

YOLO [47] is utilized to localize and identify objects. Another approach utilizing YOLO137

is proposed by Mate et al. [15] involving the use of thermal images instead of RGB138

images. As thermal images represent heat values, the authors establish that thermal139

images could improve object detection in low light environments and harsh weather140

conditions.141

Another problem faced by object detection in a challenging environment is the loss142

of low-level features. Current object detection algorithms require high-level and low-143

level features to find objects and localize them [18]. The features help identify boundaries144

and different characteristics of objects present in the input image. These features are145

generally extracted from pre-trained backbones based on Feature Pyramid Network146

(FPN) [40]. To preserve low-level features, Yuxuan et al. [48] propose the fusion of147

contextual information in the backbone. The fusion of features helps in maximizing pre-148

trained channel information. The second problem faced by object detection algorithms is149

that when images captured in low light are passed through conventional hierarchical150

convolutions, the resulting output contains shallow rich features. Therefore, context151

fusion is incorporated in the backbone part of the network, thus preserving information152

in features. At every stage, low-level feature maps of the network are selected and fused153

with their successor. The resulting feature map is then provided to the network to detect154

objects.155

Following the introduction of two-stage detectors in object detection algorithms156

and the ability of generative adversarial networks to learn image transformations, the157

combination of formal and latter has been used to improve object detection performance.158

One approach by Kun et al. [16] involves combining Deep Convolution Generative Ad-159

versarial Networks (DCGAN) [17] with Faster R-CNN [18] to detect objects in low light.160

The combination of DCGAN and Faster R-CNN involves three steps. First, DCGAN is161

used to learn and transfer the relationship between nighttime and daytime scenes. The162

second step is Multi-scale convolution feature fusion. Multi-scale convolutional feature163

fusion involves up-sampling and down-sampling of features to fuse them with their164

successors. The third step is to use an ROI pooling layer of different sizes to capture more165

detailed information. The authors argue that the standard ROI pooling layer reduces166
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computational performance and loses the object’s critical features. Finally, ROI pooling167

output is given to Faster R-CNN to obtain final results.168

Another way of improving object detection is exploiting region-based convolutional169

neural networks like Mask R-CNN [38] and instance segmentation approaches [49,50].170

Avramovic et al. [51] proposed a method that uses selective parts of the input image to171

detect traffic signs in an ardous environment. As the driver only focuses on particular172

positions like the front mirror and back mirror, the authors argue that object detection173

should only be applied to those regions instead of the whole image. Selective object174

detection is performed by selecting a limited amount of Regions of Interest (RoIs), thus175

reducing the computational cost. The authors have evaluated their approach using Mask176

R-CNN [38], and YOLO [47].177

Kamal et al. [52] propose integrating two different network architectures based on178

Fully convolutional networks for semantic segmentation (FCNs) [53] to detect traffic179

signs. SegNet [54] and U-Net [55] are combined to detect signs, and a VGG-16 [56] based180

network is used for classifying detected signs to their corresponding classes. Segnet and181

U-Net are trained by extracting corners of images and using them as training data. The182

resulting output of four patches is combined to create an output mask for the original183

image. The authors have also used the L1 constraint term to modify Tversky Loss [57] to184

increase the detection of small traffic signs.185

In a challenging environment, generic object detectors predict multiple bounding186

boxes for a single object. Most of the generated bounding boxes have low confidence187

and can be removed with a non-maximum suppression technique [58], but not all188

overlapping detections are removed. To address this, Eran et al. [59] propose a Soft-IOU189

layer using Jackkard distance as a quality detector between the predicted bounding box190

and the ground truth. The second step of the proposed solution is to treat predictions191

from the network as a clustering problem. A custom EM-Merger layer groups similar192

predictions into a single detection, thus removing overlapping detections. The authors193

have performed various experiments on the SKU-110K dataset using Retina-Net [39].194

Apart from object detection algorithms, Semantic Image Segmentation (SIS) [60]195

have also been exploited to identify objects in arduous conditions. Unlike object detec-196

tion algorithms, SIS tries to classify each pixel. Similarly, Ghose et al. [61] proposes a197

combination of saliency maps with thermal images to detect pedestrians in poor lighting198

conditions. Instead of using RGB and thermal images, the authors suggested that it199

is better to combine saliency maps and thermal images to find objects. First, thermal200

images are augmented with their corresponding saliency maps and then provided to201

deep saliency networks. The combination helps illuminate salient parts of the image202

while preserving textural information, making it easier for the network to find objects.203

Similar to previous approaches of combining thermal images with RGB images,204

Zhengzheng et al. [62] propose fusing RGB images with thermal images to detect objects205

in adverse conditions. A two-stream convolution neural network architecture generates206

features from RGB and thermal images. The output is fused to form a single feature207

representation. The authors argue that the fusion of features from RGB and thermal208

images helps preserve mid-level features, which are necessary for refining object details.209

A Pyramid Pooling Module and a feature aggregation module to sharpen the object210

details are applied to the resulting features. The second contribution by the authors is211

the use of Convolutional Block Attention Module(CBAM) [63] to remove noise from212

features. CBAM is applied channel and spatial-wise. Finally, an average pooling layer is213

used to aggregate spatial information from features, and object detection is performed214

on them. The authors have used a combination of edge and cross-entropy loss to train215

the proposed architecture.216
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Figure 2. Illustration of the proposed framework. The combination of ResNext-101 and Feature Pyramid Network (FPN) extracts the
spatial features from the input image on various scales. The features are propagated to the region proposal network and a fusion of
semantic features and cascaded detection heads to perform final classification and localization.

3. Methods217

3.1. Hybrid Task Cascade218

Cascading has been used in computer vision for a long time [64].It is a generic and219

dependable architecture that aids in improving performance. As a result, this design220

is employed to improve object detection performance. Iterative bounding box refine-221

ment [65] is a primitive approach for implementing cascading in object detection. There222

is an improvement in the performance of object detection. However, the improvement223

is not significant. Therefore, in object detection networks, a hybrid task cascade net-224

work presents a novel way of implementing the cascading design paradigm. To offer225

the spatial context, it first uses a fully convolutional branch.Second, it combines the226

detection and segmentation task within the cascade structure, allowing us to conduct227

both detection and segmentation at each level .As a result, we can name it collaborative228

multistage processing. Object detection and segmentation improve each other due to this229

cooperative multistage processing. Consequently, better detection can aid to enhance the230

performance of mask prediction and segmentation [42]. Figure 2 illustrates the proposed231

pipeline equipped with hybrid task cascade.232

For bounding box prediction and segmentation, there are numerous heads. Further-233

more, the data is processed at various scales. At the first step, the RPN provides input to234

the first bounding box head (B1), after which the cascade begins, with each consecutive235

bounding box head receiving input from the corresponding ROI align. Each mask head,236

however, receives two inputs. The semantic feature maps provide the first input. The237

ROI pooling provides the second input. Mask prediction combines the two to produce238

accurate masks. In summary, RPN generates the first object proposals that are processed239

by ROI pooling. The initial bounding box coordinates are generated by the head B1240

using the ROI pooling output. It forecasts the object proposal’s confidence also. In the241

second stage, M1 generates pixel-wise predictions in terms of masks. The other cascade242

levels follow the same pattern.243

3.2. Backbone Network244

The backbone network is the fundamental part of the two-stage object detection245

methods since it extracts the spatial features and propagate the feature maps to the246

subsequent modules. In this paper, we utilize ResNeXt-101 [66] as the backbone network.247

The ResNeXt network extends the ResNet [67] architectures by providing the special248

cardinal features. A single layer of ResNeXt contains input channels, filter size, and249

output channels. This ResNeXt network has residual blocks. These residual blocks have250

two points: (i) The value of hyperparameters depends on spatial map size. (ii) If the251

spatial map size is reduced by 2, block-width becomes double. This provides uniform252

computation complexity.253
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In a neural network, neurons have aggregated-transformation in the form of inner
product:

C

∑
j=1

wjnj (1)

Where n is an input vector fed to the neurons having C-channels while wj is the weight254

of filter for j-th channel. The ResNeXt [66] also includes this type of transformation in255

more specified form as short network. The aggregated transformation equation is as256

given below:257

f (e) =
N

∑
k=1

τk(e) (2)

Where τk(e) can be a temporal function to place e into lower-dimension and trans-258

form it where N is the transformation size. The parameter N in Equation 2 is the same as259

C in Equation 1. However, these parameters are subject to change and can be tuned. The260

residual function can be mathematically explained as follows:261

Yout = e +
D

∑
i=1

τi(e) (3)

Where Yout is the output function to be provided to Feature Pyramid and Region Proposal262

Network (RPN) of the employed HTC.263

3.3. Feature Pyramid Network264

After the backbone network, the second component of two-stage detectors is a265

Feature Pyramid Network (FPN) [40]. FPN is a feature extractor that takes a single-scale266

image of arbitrary size as input and outputs different sized feature maps at multiple267

levels in a fully convolutional fashion. The feature pyramid generated helps object268

detection network by providing features at different scales. FPN is usually applied after269

backbone operation and is independent of it. The bottom-up pathway is a feed-forward270

computation of a backbone consisting of features maps at several scales. The advantage271

of building a feature pyramid network is generating stable features captured at different272

scales from higher pyramid levels. The features are enhanced with features from the273

bottom-up pathway via lateral connections.274

3.4. Region Proposal Network275

Region Proposal Network (RPN) was introduced in Faster R-CNN. Once features276

are generated from the Feature Pyramid or backbone network, the next step in a two-277

stage object detection network is to find the regions where the objects can exist. RPN can278

predict regions where objects can exist instead of looking at every pixel, thus reducing279

the computational cost. Before RPN can predict possible candidate regions, anchors are280

drawn. Anchors are bounding boxes drawn with various sizes and scales on feature281

maps and represent the objects that networks need to detect. The size and shape of282

anchors can be configured from the dataset.283

RPN network is composed of CNN layers and has a classifier and a regressor. The284

classifier part determines the probability of a proposal having the target object, and the285

regressor part regresses the coordinates of the proposal. RPN operates like any other286

CNN network by sliding a window over the features and predicting whether the anchors287

drawn in the region contain an object or not. Only the anchors with the highest IoU are288

assigned labels and used in later stages. RPN is trained along with other components of289

two-stage detectors during training. The loss function of RPN network is illustrated in290

Equation 4 as:291

L(pi, ti) = (1/Ncls) ∗ ∑ Lcls(pi, p∗i ) + (γ/Nreg) ∗ ∑ p∗i Lreg(tj, tj∗) (4)
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Figure 3. Samples taken from ExDARK dataset. The dataset has images captured in low light and
indoor scenes.

where i donates the anchor index in a batch, and pi denotes the probability that an292

anchor is an object or not. Ground truth p∗i is one if the anchor is positive and is 0 if the293

anchor is negative. Similarly, ti denotes the vector of 4 parameterized coordinates of the294

predicted bounding box, and t∗i represents the ground truth box. The classification loss295

Lcls is log loss over two classes (object vs non-object). For the regression Lreg, the loss296

function is shown in Equation 5 as:297

Lreg(ti, t∗i ) = R(ti − ti∗) (5)

where R is robust loss function (smooth L1) defined in [35], ti represents ground298

truth box and t∗i represents predicted bounding box. The term Ncls represents the nor-299

malization factor for classification loss and is equal to the batch size. The term Nreg300

represents the normalization factor regression loss and is equal to the number of anchor301

locations. γ is used for balancing parameters and by default is set to 10 unless stated302

otherwise.303

4. Datasets304

4.1. ExDark305

One of the most challenging and openly available datasets is the ExDARK [13]306

dataset created in 2020. The dataset comprises 7363 low-light pictures captured in307

different indoor and outdoor environments at nighttime. There is a total of 12 classes in308

the dataset. For the sake of variety, image enhancement techniques like de-hazing and309

blurring as augmentations are applied. The dataset contains the following classes: table,310

cat, people, motorbike, dog, cup, chair, bicycle, boat, bottle, bus, car, and cat. Figure 3311

exhibits few samples from this dataset.312

4.2. CURE-TSD313

CURE-TSD [68] is a large challenging dataset for the task of traffic sign detection.314

The dataset is composed of videos captured by driving a car around at different times315

of the day. Different augmentations like decolorization, blur, darkening, dirty lens,316

exposure, codex error, snow, and haze are applied to introduce variety. There are 14317

types of traffic signs in this dataset: speed limit, goods vehicles, no overtaking, no318

stopping, no parking, stop, bicycle, hump, no left, no right, priority to, no entry, yield,319

parking. Figure 4 illustrates few samples of this dataset.320
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4.3. RESIDE321

Another challenging dataset employed in our approach is RESIDE dataset [69].322

The dataset is mainly for the task of object detection in difficult weather. The subset323

RTTS comprises 4,332 real-world hazy images representing different scenarios in a day.324

Images are collected manually through video cameras and annotated with bounding325

boxes localizing objects. The dataset contains various real-world occlusions such as326

hazy, rainy, and snowy weather. There are five annotated object classes in the dataset as327

bicycle, bus, motorbike, car, and person. Figure 5 depicts few samples from this dataset.328

5. Experimental Results329

5.1. Implementation Details330

The codebase of the presented system is based on the MMdetection framework [70].331

The backbone network is ResNext-101 which is pre-trained on ImageNet [45]. The332

cardinality of the backbone network is set to 64, and the bottleneck width is defined as333

four unless stated otherwise. We train on all three datasets with identical configurations.334

All datasets are fine-tuned for ten epochs, with a learning rate of 0.0025. SGD is used as335

an optimizer with a batch size of 4 on a single GPU machine. There are no augmentations336

applied during pre-processing, and only random horizontal flip is applied. Images sizes337

are kept variable in the range of 800 x 1388 while maintaining their aspect ratio.338

5.2. Evaluation Protocol339

As the problem of object detection in a challenging environment is identical to340

generic object detection, we evaluate our method by employing the similar evaluation341

metrics:342

5.2.1. Precision343

Precision [71] defines as the percentage of a predicted region that belongs to the344

ground truth. The formula for precision is explained below:345

Figure 4. Dataset samples taken from CURE-TSD. Heavy augmentation is applied to increase
challenge for object detection algorithms.
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Figure 5. Dataset sample taken from RESIDE. Dataset contains images captured in real challenging
weather conditions.

Predicted area in ground truth
Total area of predicted region

=
TP

TP + FP
(6)

where TP denotes True Positives and FP represents False positives.346

5.2.2. Recall347

Recall, [71] is calculated as the percentage of the ground truth region that is present
in the predicted region. The formula for the recall is given by:

Ground truth area in predicted region
Total area of ground truth region

=
TP

TP + FN
(7)

Where TP is True Positives and FN represents False Negatives.348

5.2.3. Average Precision349

Average Precision (AP) computes the average value of precision over different
levels of recall. The higher the value of AP, the better performance and vice versa. The
formula for calculating average precision is mathematically expressed as follows:

AP = ∑
n
(Rn − Rn−1)Pn (8)

where Rn and Pn are the precision and recall at the nth threshold.350

5.2.4. Intersection Over Union351

Intersection Over Union (IOU) [72] is one of the most critical evaluation metrics that
is regularly employed to determine the performance of object detection algorithms. It is
the measure of how much the predicted region is overlapping with the actual ground
truth region. IOU is defined as follows:

IOU =
Area of Overlap region
Area of Union region

(9)
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Table 1. Comparison between the proposed method and previous state-of-the-art results on ExDark dataset. APs denotes average
precision for small area, whereas APm represents average precision for medium area and APl depicts average precision for large area.
The IoU threshold is also defined in the table. Best results are highlighted.

Methods mAP(0.50:0.95) AP50(0.50) APs(0.50:0.95) APm(0.50:0.95) APl(0.50:0.95)

Ahmed et al. [11] 0.67 0.93 0.50 0.61 0.71

Yuxuan et al. [48] 0.34 0.64 0.03 0.17 0.40

Loh et al. [13] 0.49 0.79 - - 0.53

Chen et al. [73] 0.32 - - - -

Our Method 0.71 0.94 0.57 0.69 0.75

5.2.5. Mean Average Precision352

Mean Average Precision (mAP) is another extensively applied evaluation metric for353

category-specific object detection. The mAP is the mean of average precision computed354

over all the classes. Mathematically, it is explained by:355

mAP =
1
N

N

∑
i=1

APi (10)

where APi is the average precision for a given class explained in Section 5.2.3 and N356

depicts the total number of classes.357

5.3. Result and Discussion358

To assess the capabilities of the proposed method, we evaluate the proposed system359

on publicly available three challenging datasets. This section discusses the results360

achieved on all of three datasets.361

5.3.1. ExDark362

We validate the performance of our system on the challenging ExDark dataset [13].363

Table 1 presents the quantitative analysis of the proposed method. Moreover, it compares364

our results with previous state-of-the-art methods. Our method surpasses the previous365

state-of-the-art results with an mAP of 0.71 on a varying IoU threshold from 0.5–0.95.366

On the IoU threshold of 0.5, our method achieves an AP of 0.94.367

The promising results on the low illuminance dataset illustrate that the extra seg-368

mentation module present in the employed HTC network facilitates the network to369

detect objects even in darker conditions. For complete understanding, Figure 6 depicts370

an instance of localizing and classifying a car in a dark image. Although the car is371

difficult to detect with a naked eye, our system detects it with a confidence of 100%.372

Comparison with State-of-the-art Methods373

By looking at Table 1, it is evident that our approach beats the prior best results374

with an mAP difference of 4̃ points. The previous best results have been achieved by375

Ahmed et al. [11] with an mAP of 0.67, and Loh et al. [13] by achieving an mAP of 0.49.376

5.3.2. RESIDE377

Analogous to ExDark, we report the performance on the RESIDE dataset, which378

is explained in Section 4.3. By analyzing Table 2, one can observe that the proposed379

method can further enhance the performance of object detection on the challenging380

RESIDE dataset. On an IoU threshold range from 0.5 to 0.95, we achieve an mAP of 0.52,381

whereas the AP of the proposed system goes to 0.81 on an IoU threshold of 0.5.382
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(a) Input Image (b) Predictions
Figure 6. Example of results achieved on the ExDark Dataset. Figure 6a represents an input image, whereas Figure 6b is the final
output with the detected object. The blue color represents ground truth annotation, and orange is the network prediction.

Figure 7 exhibits the qualitative performance of the system. In Figure 7a, it can383

be seen that the image is visually challenging to interpret and Figure 7b shows the384

capabilities of the method to detect several objects present in the ground truth. However,385

on the left part of Figure 7b, one can observe a few instances of false positives with lower386

confidence scores.387

Comparison with State-of-the-art Methods388

As summarized in Table 2, the previous best results obtained on the RESIDE dataset389

are achieved by Ahmed et al. [11] with an mAP of 0.51. The proposed method in this390

paper pushes the previous state-of-the-art to the new best score of 0.52.391

5.3.3. CURE-TSD392

CURE-TSD is the last dataset on which we assess the capabilities of the presented393

work. Table 3 presents the results achieved by our method on the CURE-TSD dataset.394

We achieve an mAP of 0.43 on an IoU threshold ranging from 0.5 to 0.95, whereas we395

attain an AP of 0.55 on an IoU threshold of 0.5. Furthermore, we achieve an AP of 0.06,396

0.23, and 0.34 on the smaller, medium, and larger objects, respectively.397

The qualitative analysis of our method is illustrated in Figure 4. In the mentioned398

figure, it can be perceived that the network has successfully detected a stop sign. How-399

ever, owing to the high inter-class variance with other objects, the network produces a400

couple of false positives. Furthermore, the network produces a false positive by detecting401

a sign on the wall that appears similar to other objects in the dataset. This result raises402

an interesting question of how much prior context can improve this result [74].403

Comparison with State-of-the-art Methods404

By looking at Table 3, the previous best mAP attained on the CURE-TSD dataset405

is attained by Ahmed et al. [11] with an mAP of 0.28. However, the presented system406

outsmarts the prior results with an mAP of 0.43. Moreover, we observe a noticeable407

increase in the AP achieved on an IoU threshold of 0.5. It is essential to mention that408

Kamal et al. [52] achieved an AP of 0.94. However, we were unable to find the mAP409

score in the paper. Therefore, our results are not directly comparable with [52].410
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Table 2. Comparison between the proposed method and previous state-of-the-art results on the RESIDE dataset. APs denotes average
precision for small area, whereas APm represents average precision for medium area and APl depicts average precision for large area.
The IoU threshold is also defined in the table. Best results are highlighted.

Methods mAP(0.50:0.95) AP50(0.50) APs(0.50:0.95) APm(0.50:0.95) APl(0.50:0.95)

Ahmed et al. [11] 0.51 0.79 0.40 0.11 0.57

Our Method 0.52 0.81 0.26 0.40 0.57

(a) Input Image (b) Predictions
Figure 7. Example of results achieved on the RESIDE Dataset. Figure 7a represents an input image, whereas Figure 7b is the final
output with the detected object. The blue color represents ground truth annotation, and orange is the network prediction.

6. Conclusion and Future Work411

412

This research proposes an end-to-end optimizable system for tackling the challenge413

of object recognition in low-light and difficult environments. The proposed approach414

utilizes a hybrid task cascade network to effectively exploit pixel-level information at415

different cascade levels. On the ExDark, RESIDE, and CURE-TSD datasets, we get mAPs416

of 0.71, 0.52, and 0.43, respectively, by evaluating the suggested technique on three417

different challenging datasets. Unlike prior efforts, the presented method achieves its418

outcomes without pre-processing techniques such as picture augmentation. In the future,419

we plan to apply the idea of exploiting pixel-level information on other challenging420

datasets [59,75,76]. Furthermore, an end-to-end trainable pixel-level enhancement and421

learning approach would be another interesting future direction.422
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Table 3. Comparison between the proposed method and previous state-of-the-art results on the CURE-TSD dataset. APs denotes
average precision for small area, whereas APm represents average precision for medium area and APl depicts average precision for
large area. The IoU threshold is also defined in the table. Best results are highlighted.

Methods mAP(0.50:0.95) AP50(0.50) APs(0.50:0.95) APm(0.50:0.95) APl(0.50:0.95)

Ahmed et al. [11] 0.28 0.38 0.06 0.23 0.34

Kamal et al. [52] - 0.94 - - -

Our Method 0.43 0.55 0.12 0.26 0.53

(a) Input Image (b) Predictions
Figure 8. Example of results achieved on the CURE-TSD Dataset. Figure 8a represents an input image, whereas Figure 8b is the final
output with the detected object. The blue color represents ground truth annotation, and orange is the network prediction.
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