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Abstract
Most deep-learning-based vision models are trained and tested on clear images, avoiding noisy, or hazy, images. However, 
these models may encounter degraded images. So, it is important to recover and enhance them using a dehazing process. 
Dehazing usually serves as a preprocessing step for low-, medium-, and high-level vision tasks. Therefore, this article 
empirically studies the impact of haze and dehazing on high-level vision tasks and considers the degree to which dehazing 
algorithms can improve a vision model’s performance. For this purpose, we created two synthetic hazy datasets and trained 
several detection and classification models on both clear and hazy images. We found that haze and fog can easily affect a 
vision model’s performance and observed that using dehazing directly as a preprocessing step for high-level vision tasks did 
not substantially improve vision model’s performance but also renders performance unreliable and unpredictable. Therefore, 
when developing deep vision models, the research community should maintain aspects of bad weather conditions, such as 
haze, mist, fog, and rain, to avoid the failure of their proposed outdoor vision models.

Keywords  Image dehazing · Image classification · Image detection · High-level · Vision models · Deep-learning-based 
vision models

1  Introduction

Deep-learning-based vision models depend upon certain 
filter outputs to achieve classification and recognition tasks. 
Mostly, these models are trained and validated using clear 
images [1]. However, in practical outdoor vision applica-
tions, a model is likely to encounter degraded images. For 
instance, due to haze, images captured in bad weather con-
ditions often suffer from poor visibility and low contrast 
[2]. Haze impairs an image’s quality and complicates the 
subsequent processing and analysis [3]. Furthermore, haze 
degrades an outdoor image’s visibility and impacts numer-
ous high-level vision applications, including surveillance, 
autonomous vehicles, aerial robots, and intelligent infra-
structure [4]. This is because it is difficult to detect and clas-
sify objects and their structural information in hazy condi-
tions. Thus, dehazing signifies the only solution, enabling a 
model to restore a haze-free image from a hazy image. The 
dehazing procedure has received substantial attention from 
the computer vision research community in recent years 
[5, 6], with the literature consistently acknowledging that 
properly dehazed hazy images will become comprehensi-
ble and capable of providing supplementary assistance for 
vision tasks. This suggests that image dehazing is crucial 
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to consumer photography and computer vision applications 
[4, 6].

This paper analyzes the effects of haze and dehazing on 
deep-learning-based vision models. Thus far, two works [7, 
8] have probed these effects in the context of classification 
tasks. Meanwhile, to the best of our knowledge, no study has 
fully addressed the impact of haze and dehazing on com-
puter vision-based detection tasks. This research produces 
new insights regarding haze and the dehazing problem in 
the context of high-level vision tasks, including the degree 
to which dehazing is suitable for high-level vision tasks. 
Although it is understood that dehazing does not substan-
tially aid classification tasks [8]. In contrast, the detection 
tasks are not investigated in terms of haze and dehazing 
effects. Thus, it is also imperative to investigate the detec-
tion tasks in terms of haze and dehazing effects.

2 � Related work

Haze degrades image quality, and dehazing upgrades image 
quality, ultimately aiming to restore a clear image that is 
not only more visually appealing but also assists high-level 
vision applications. Various dehazing approaches have been 
proposed, including a non-local dehazing network [9] and 
an end-to-end deep residual convolutional dehazing network 
[10]. High-level vision systems have received significant 
attention in recent years, especially the practices of clas-
sification and detection. The handcrafted features [11] were 
initially used for image classification. Later on, the evolu-
tion of deep learning led to significant research considering 
large-scale labeled datasets, including ImageNet [12], PAS-
CAL VOCs [13], and Microsoft Common Objects in Context 
(COCO) [14]. For example, research into classification using 
deep convolutional neural networks (CNNs) [15], such as 
VGGNet [16], Inception [17], residual learning [18], and 
Mobilenets [19], have demonstrated outstanding image clas-
sification performance in the context of clear images. Simi-
larly, researchers have achieved better image classification 
by introducing a cross-convolutional-layer pooling proce-
dure for image classification [20] and pooling the CNN with 
recurrent neural networks (RNN) [21]. Meanwhile, Durand 
et al. [22] projected a learning-based method that efficiently 
executed image classification, object localization, and seg-
mentation. Fei et al. [23] anticipated a “Residual Attention 
Network” classification model by considering an attention 
mechanism incorporating the feed-forward network in an 
end-to-end style.

Besides classification tasks, other high-level vision 
tasks, including object detection, have also received sig-
nificant attention. For example, a region-based convolu-
tional network detector (R-CNN) using a deep ConvNet to 
classify object proposals has demonstrated excellent object 

detection [24]. However, the R-CNN has notable draw-
backs, notably speed, which prompted the development of 
the spatial pyramid pooling network [25], which computes 
a convolutional feature map for the entire input image and 
then classifies each object proposal using a feature vector 
extracted from the shared feature map. Inspired by that, a 
Fast R-CNN method [26] was introduced to classify object 
proposals using deep convolutional networks more effi-
ciently, which meant modifying several settings to improve 
training and testing in terms of detection accuracy. Shao-
qing et al. [27] subsequently proposed a Faster R-CNN 
technique (FRCNN) based on a region proposal network 
(RPN) that shared full-image convolutional features and a 
detection network and enabled cost-free region proposals. 
Jiahui et al. [28] proposed a detection technique involv-
ing the Intersection over Union loss function predicting 
the bounding box that efficiently localized image objects. 
Several other state-of-the-art detection models have also 
been introduced for object detection and demonstrated 
good performance [29–32].

The CNN-based vision architectures perform well on 
clear images. Though, in some circumstances, good-quality 
images are not attainable. Several techniques have explored 
classification accuracy in the context of such cases. For 
instance, for face recognition in low-resolution images, 
one study suggested a kernel embedding method [33]. Zou 
et al. [34] adopted discriminative constraints to restore high-
quality images for the recognition task. Elsewhere Basu 
et al. [35] synthesized the MNIST dataset [36] by generat-
ing noisy handwritten images and proposed a model based 
on sparse representation to classify those noisy generated 
MNIST digits. In [37] a noisy face benchmark was devel-
oped for recognition purposes. Meanwhile, Prasun et al. [38] 
studied the effects of degradation on deep neural network 
architectures, specifically considering motion blur, Gauss-
ian, and salt-and-pepper noises.

It is generally understood that image degradation affects 
the performance of vision systems. This prompted Zhang 
et al. [39] to simultaneously incorporate feature enhance-
ment and recognition. Likewise, Steven et al. [40] intend 
an end-to-end network that could jointly conduct denois-
ing and deblurring processes for classification tasks. The 
famous AOD-Net technique embeds a trained model into 
the FRCNN to attain superior dehazing outcomes for the 
detection task [41]. In recent past, Pei et al. [8] investigated 
dehazing and its impact on classification problems and 
exposed the negligible effects of dehazing. Their proposed 
investigative study also provides us the intuition to investi-
gate the haze and dehazing impact on detection tasks.

The rest of the article is organized as follows. Section 3 
reports on experiments conducted in relation to classification 
tasks. Section 4 probes haze and dehazing in the context of 
detection tasks. Section 5 summarizes all of the experiments, 
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discusses the findings and insights, and remarks on future 
perspectives for the topic.

3 � Haze and dehazing analysis 
for classification tasks

For classification tasks, we considered state-of-art deep 
convolution classification networks [16], namely, VGG-16, 
VGG-19, and deep residual learning (ResNet) [18]. First, 
these classifiers were trained and tested on clear images. 
Then, we tested the trained classifiers on hazy images. Next, 
we dehazed the hazy images and tested the trained classifiers 
on the dehazed images. Finally, we compared the trained 
model’s performances to analyze the effects of dehazing.

3.1 � Classification dataset and adding synthetic 
haze

Performing haze and dehazing analyses requires clear 
and hazy image sets. For this purpose, we selected the 
Caltech-256 object category dataset [42], which is divided 
into training (92%) and test (8%) sets. We further divided the 
test data (8%) into two subsets: clear test data (5%) and syn-
thetic hazy test data (3%). We used a foggy haze simulator 
to generate synthetic hazy test data [43]. The synthetic hazy 
test data (3%) includes low, medium, and high-level hazy 
images, which could be used in our classification and detec-
tion analysis. Figure 1 shows some of the sample images 

from our synthetic datasets, whereas level 1, level 2, and 
level 3 hazy represents low, medium, and high-level hazy 
images.

3.1.1 � Experimental setup and results

This section introduces the three selected image classifica-
tion architectures, and explains their training procedures. 
These trained models are then tested on clear test data (5%) 
and synthetic hazy test data (3%). We subsequently intro-
duce eight state-of-the-art image-dehazing approaches and 
utilize them to dehaze synthetic hazy test data (3%). Finally, 
we evaluate the three trained classification frameworks on 
the dehazed images.

1.	 VGG-16 is a CNN architecture and is considered an 
excellent vision model, focusing on the convolution lay-
ers of a 3 × 3 filter with stride one instead of many hyper-
parameters. It uses the same padding and MaxPool layer 
of 2 × 2 filter with stride 2 and follows the convolution 
and max pool layer arrangement reliably throughout the 
architecture. It ultimately includes two fully connected 
layers followed by a SoftMax. This network is vast and 
features approximately 138 million parameters. The pre-
trained network can classify images into 1000 object 
categories.

2.	 VGG-19 is a deep-CNN architecture that is used to clas-
sify images. It has 19 layers; 16 are convolution layers, 

Fig. 1   Images from synthetic 
hazy datasets generated from 
the original Caltech-256 dataset 
[42] and COCO [14]
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and three are fully connected. Furthermore, it has six 
MaxPool layers, one SoftMax layer, and 19.6 million 
FLOPS. The VGG-19 can classify images into 1000 
object categories.

3.	 ResNet, referred to as Residual Networks, is an ortho-
dox neural network that is used as a backbone for many 
computer vision applications. The proposed model won 
the ImageNet challenge and notably enables the train-
ing of very deep neural networks (150 + layers). Before 
ResNet, training deep neural networks was complicated 
due to problems such as vanishing gradients. However, 
ResNet has successfully handled this trade-off. In our 
empirical study, we uses ResNet-50, which can train 50 
deep convolutional neural network layers.

To train the neural network, we used the pre-trained 
weights of VGG-16, VGG-19, and ResNet with the Ima-
geNet database. Training involved using the bottleneck 
features of the pre-trained networks, initially loading the 
convolutional part of the model’s pre-trained weights. The 
datasets (both training and testing) were subsequently 
fed to loaded weights to extract useful features. Then, the 
extracted features were saved in the workspace. The fully 
connected layers of the neural network (NN) architecture 
were then trained on the extracted features. Our training 
procedure efficiently used these pre-trained weights on 
a custom dataset, optimizing both training and testing. 
Table 1 and Fig. 2 demonstrate the performance of the 
trained classifiers on the clear and hazy test sets, show-
ing that haze significantly affects the performance of the 
classification models. Our observations reveal that VGG-
19 is more sensitive to hazy images than VGG-16, and 
ResNet-50 is the least accurate of the evaluated models.

Analyzing the effects of dehazing on classification mod-
els requires dehazing models. For this purpose, we employed 
the following dehazing models:

	 i.	 AOD-Net [41] is a lightweight and effective end-to-
end dehazing neural network that reformulates the 
atmospheric scattering model. It has attracted consid-
erable attention from the research community, likely 
because it does not need to separately estimate param-
eters such as atmospheric and transmission maps, and 
it produces haze-free images using a lightweight CNN.

	 ii.	 GCANet [44] is an end-to-end gated context aggre-
gation network that removes gridding artifacts and 
directly restores haze-free images, with the proposed 
method applying a smoothed dilation technique and 
leveraging a gated sub-network to fuse features from 
different levels. The authors validated the method’s 
capacity to surpass previous state-of-the-art methods 
quantitatively and qualitatively.

	 iii.	 FFANet [45] comprises three key components: a 
channel-attention-with-pixel-attention mechanism, 
expansion of the CNN’s representational ability, and 
a feature fusion structure. The method surpasses previ-
ous state-of-the-art single-image dehazing methods by 
a high margin, both quantitatively and qualitatively.

	 iv.	 PFFNet [46] employs an encoder-decoder deep network 
via progressive feature fusions, directly learning a 
nonlinear transformation function by considering 
hazy input and ground truth images. The proposed 
method achieved superior dehazing results and could 
restore hazy images to up to 4 K resolution.

Tables  2, 3, 4 and 5 make apparent that applying 
dehazing directly to hazy images has diverse effects. For 
instance, in most cases, the deep-learning-based dehaz-
ing algorithms improved the accuracy of classification 

Table 1   Accuracy of 
classification models on clear 
and hazy data

Classification Models Accuracy on Clear 
Images

On Low-Level Hazy 
Images

On Medium-Level 
Hazy Images

On High-
Level Hazy 
Images

VGG-16 62.4 46.60 36.40 21.54
VGG-19 59.4 40.90 34.40 18.90
RESNET-50 26.78 28.45 15.15 13.10

Fig. 2   Performance of the three classification models on clear and 
synthetic hazy images
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models when applied on hazy images. We have also 
included the following four conventional dehazing algo-
rithms in our experiments: Boundary Constraint and 
Contextual Regularization (BCCR) [47], Fast Visibil-
ity Restoration (FVR) [48], Dark-Channel Prior (DCP) 
[49], and Color Attenuation Prior (CAP) [50]. Tables 6, 
7, 8 and 9 present quantitative analysis of these dehazing 
algorithms.

Figure 3(a) indicates that dehazing improves the classi-
fication accuracy of VGG-16 and VGG-19, with GCANet 

performing better than the other dehazing algorithms. None-
theless, AOD-Net, PFFNet, and FFANet also improved the 
accuracy of VGG-16 and VGG-19. Regarding ResNet-50’s 
accuracy, we observed an irregularity in its mean average 
precision (mAP), its accuracy increased when it encountered 
low-level hazy images. Nonetheless, dehazing using AOD-
Net and GCANet improved the accuracy of ResNet-50 for 
medium-level and high-level hazy images. However, in com-
parison, neither FFANet nor PFFNet produced any notable 
improvement.

Table 2   Classification accuracy 
after removing haze using 
AOD-Net [41]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-Level 
Hazy Images

VGG-16 62.4 57.11 53.46 39.63
VGG-19 59.4 51.63 48.78 33.74
RESNET-50 26.78 24.18 20.32 16.26

Table 3   Classification accuracy 
after removing haze using 
GCANet [44]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 57.93 58.30 53.05
VGG -19 59.4 53.86 52.25 52.04
RESNET-50 26.78 23.58 23.68 21.95

Table 4   Classification accuracy 
after removing haze using 
FFANet [45]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 48.57 43.69 28.46
VGG -19 59.4 43.50 38.62 24.8
RESNET-50 26.78 14.02 09.9 05.80

Table 5   Classification accuracy 
after removing haze using 
PFFNet [46]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 56.91 55.08 48.78
VGG -19 59.4 54.88 51.83 43.69
RESNET-50 26.78 12.3 09.15 02.30

Table 6   Classification accuracy 
after removing haze using 
BCCR [47]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 42.61 39.05 28.98
VGG -19 59.4 41.38 34.77 33.39
RESNET-50 26.78 13.85 11.91 06.48
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In contrast, Fig. 3(b) indicates that conventional dehazing 
algorithms mostly did not substantially improve the trained 
model’s classification accuracy, supporting the findings 
of Pei et al. [8]. Furthermore, no dehazing algorithm ena-
bled the classification models to match their original (clear 
image) classification accuracy when applied directly as a 
preprocessing step.

4 � Haze and dehazing analysis for detection 
tasks

For detection tasks, we performed the haze and dehazing 
analysis using two procedures. First, we used pre-trained 
detection weights on clear images (COCO) [14] before 
providing the pre-trained models with synthesized hazy 
and dehazed images and then analyze their effects. How-
ever, given the complications associated with synthesizing 
a large-scale hazy dataset and then adding corresponding 
annotations, we synthesized a total of 300 images from 
the COCO validation set (2017) at three levels of haze 
(i.e., low-, medium-, and high-level). For synthesized hazy 
images, we considered the annotations of the corresponding 
clear images (i.e., the original images). For dehazed images, 
we also considered the annotations associated with the origi-
nal images.

Second, the pre-trained models were trained on a hazy 
real-world task-driven testing set (RTTS) adopted from 
RESIDE [51] and containing real-world hazy images with 
available annotations. One hundred images were dehazed 
from their test set and provided to the trained models for 
further evaluation. The subsequent sections detail the experi-
ments and their results.

4.1 � Case 1

4.1.1 � Experimental procedure and results

To determine haze and dehazing effects on detection mod-
els, we selected three state-of-the-art object detection algo-
rithms: FRCNN [27], YOLOv3 [31], and EfficientDet [32].

1.	 FRCNN [27] uses an RPN, which shares full-image 
convolutional features with the detection network and 
simultaneously performs the object bounds prediction 
and objectness score for every position. The proposed 
technique merges the RPN with Fast R-CNN [26] to cre-
ate a single network with shared convolutional features. 
The proposed model has a frame rate of 5 fps on a GPU 
and has demonstrated state-of-the-art accuracy on large-
scale datasets with 300 proposals per image. Our imple-
mentation used the built-in implementation of FRCNN 

Table 7   Classification accuracy 
after removing haze using FVR 
[48]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 33.8 36.32 26.98
VGG -19 59.4 25.97 29.16 24.40
RESNET-50 26.78 13.3 12.28 10.93

Table 8   Classification accuracy 
after removing haze using DCP 
[49]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 31.92 26.92 17.57
VGG -19 59.4 35.51 37.11 19.38
RESNET-50 26.78 05.91 14.35 08.06

Table 9   Classification accuracy 
after removing haze using CAP 
[50]

Classification Models Accuracy on 
Clear Images

On Low-Level 
Hazy Images

On Medium-Level 
Hazy Images

On High-
Level 
Hazy Images

VGG -16 62.4 37.89 41.29 22.83
VGG -19 59.4 36.49 40.91 29.64
RESNET-50 26.78 09.72 10.96 11.14
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with the torch-vision library in PyTorch. The FRCNN 
achieved 49.91% mAP on clear COCO images.

2.	 YOLOv3 [31] is part of a popular line of real-time object 
detection systems. The first version was introduced by 
Joseph Redmon [29]. On a Pascal Titan X, it processes 
images at 30 fps and demonstrates 57.9% mAP on the 
COCO test-dev. This first version was then followed by 
YOLO 9000 [30], YOLOv3 [31], and YOLOv4 [52]. 
YOLOv3 is the 3rd generation of the YOLO family, and 
Pjreddie trained it on multiple high-end GPUs, including 
the Tesla V100. Using the pre-trained weights on the 

COCO dataset in this study, the model achieved 63.94% 
mAP on clear images.

3.	 EfficientDet [32] is a recent state-of-the-art detection 
model based on advanced optimizations and back-
bones and includes a weighted bi-directional feature 
pyramid network, which multi-scales the feature fusion 
robustly, and a compound scaling technique, which 
simultaneously scales the resolution, depth, and width 
for all backbone, feature networks, and box/class pre-
diction networks. Due to advanced optimizations and 
better backbones, it achieved better efficiency and 

Fig. 3   Accuracy of classifica-
tion models with respect to haze 
and dehazing
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demonstrated 55.1% mAP on the COCO test-dev. It is 
4x–9 × smaller and uses 13x–42 × fewer FLOPs than 
previous detectors, as well as running 2x–4 × faster on 
GPUs and 5x–11 × faster on CPUs than other detectors. 
EfficientDet is trained by Google using multiple high-
end GPUs, including the Tesla V100. Using Google’s 
pre-trained weights on COCO, the system achieved 
75.06% mAP on clear images.

Figure 4(a) compares the mAP scores on clear images of 
FRCNN, YOLOv3, and EfficientDet. The FRCNN demon-
strated 49.91% mAP and YOLOv3 63.94%; however, the 
EfficientDet performed best, achieving 75.06% mAP.

Figure 4(b) shows the mAP scores achieved by the three 
systems when presented with synthesized hazy images (from 
the three haze levels) in comparison with the scores achieved 
for clear images. The FRCNN’s mAP reduced from 49.9% to 
43.72% in the presence of low-level haze. For medium-level 
and high-level haze, its accuracy dropped to 37.54% and 
30.91%, respectively. Meanwhile, for YOLOv3, the mAP 
dropped from 63.94% to 57.95% when considering low-
level haze and reduced to 55.87% and 50.39%, respectively, 
when it encountered medium- and high-level haze. Haze also 
impacted EfficientDet’s detection accuracy, although, it was 
less affected than the other two detection models.

Figure 5 shows the visual degradation analysis of the 
detection models in the presence of haze. Next, we dehazed 
the synthesized hazy images using AOD-Net, GCANet, 
FFANet, and PFFNet to analyze the impact of dehazing 
on the detection models. These dehazing algorithms were 
chosen again because they have demonstrated better perfor-
mance than BCCR [47], FVR [48], DCP [49], and CAP [50] 
in the classification analysis Sect. 3.

Figure 6(a) reveals that AOD-Net improved the detec-
tion performance of FRCNN and YOLOv3 for low-, 
medium-, and high-level hazy images. Meanwhile, upon 
providing the AOD-Net dehazed test data to EfficientDet, 
we noted slight and variable changes in the mAP scores. 
For instance, the mAP score decreased for low-level hazy 

images, for medium-level hazy images, although it was 
almost the same mAP as for clear images, and it slightly 
improved in the case of high-level hazy images.

Figure 6(b) shows the mAP scores of the three detec-
tion models following GCANet dehazing. Dehazing with 
GCANet improved FRCNN’s mAP scores for all three 
levels of haziness. For YOLOv3, the mAP scores slightly 
progressed for low-, medium-, and high-level hazy images. 
However, GCANet dehazing did not improve the per-
formance of EfficientDet, with the mAP scores slightly 
decreasing.

Figure 6(c) shows that dehazing using FFANet wors-
ened the performances of FRCNN and EfficientDet for all 
hazy levels. Similarly, it did not improve the performance 
of YOLOv3 except for medium-level hazy images.

Finally, Fig. 6(d) shows that dehazing using PFFNet 
improved the mAP scores of FRCNN. For YOLOv3, the 
mAP increased slightly for medium- and high-level hazy 
images but decreased for low-level hazy images. Mean-
while, for EfficientDet, lower mAP scores were recorded 
for all hazy levels.

Figure 7 generalizes the experimental results for the 
detection and dehazing models, demonstrating that haze 
affected the detection tasks, with FRCNN most impacted 
and YOLOv3 the second-most impacted, with Efficient-
Det least affected. Neither FFANet nor PFFNet dehaz-
ing improved the mAP scores for all detection models, 
with PFFNet dehazing surpassing only low-level hazy 
image accuracy and only by a small margin. Similarly, 
for YOLOv3, FFANet dehazing only improved medium-
level hazy image accuracy only by 2%.

Meanwhile, AOD-Net and GCANet dehazing both 
improved accuracy at all three levels of haziness for both 
FRCNN and YOLOv3. However, for EfficientDet, none of 
the accuracy improved for any hazy level. We noted that 
applying the dehazing algorithms directly with detection 
models did not improve or match the clear images mAP 
scores except for the case of AOD-Net dehazing of low-level 
hazy images’ for FRCNN detector (Figs. 8 and 9).

Fig. 4   (a) Comparison of mAP 
scores on clear images. (b) 
Comparison of mAP scores in 
the presence of haze
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4.2 � Case 2

The second application involved training and testing 
the same detection models as in Case 1 (i.e., FRCNN, 
YOLOv3, and EfficientDet) on RTTS [51], and again 
dehazing the RTTS dataset using AOD-Net, GCANet, 
PFFNet, and FFANet. The trained models were further 
evaluated on the dehazed images to identify the impact 
of dehazing.

The RTTS dataset has only five classes (car, bus, person, 
motorbike, and bicycle) and the annotations are provided in 
the standard VOC dataset format (i.e., XML files for each 
image with classes and bounding boxes). Given the data-
set only includes about 4,322 images, thus, we adopted the 
transfer learning training strategy.

We trained the D4 variant of EfficientDet and used the 
pre-trained weights on the ImageNet dataset. The training 
was conducted for ten epochs with an SGD optimizer. Next, 

Fig. 5   Visual analysis of detection models demonstrating performance degradation in the presence of haze
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FRCNN was trained with a ResNet-50 backbone using the 
pre-trained weights on the COCO dataset. The training was 
conducted for 15 epochs with an SGD optimizer. Finally, 
YOLOv3 was trained with a Darknet backbone using the 
pre-trained weights on the COCO dataset. The training was 
conducted for 15 epochs with an ADAM optimizer. An 
Nvidia P100 GPU on Google Colab was used for training 
and testing.

Figure 10 provides the quantitative analysis of haze and 
dehazing and indicates that, compared to YOLOv3, Effi-
cientDet and FRCNN performed well on hazy images. It 
also makes apparent that GCANet and FFANet performed 
well by achieving mAP scores close to hazy-trained scores. 
However, none of the dehazing algorithms helped the detec-
tion models to improve the hazy-trained accuracy, as Fig. 10 

illustrates. Figures 11, 12 and 13 present the visual detection 
results.

5 � Discussion

This study confirms that deep neural architectures are vulner-
able to haze, and it is challenging to perform classification 
tasks in the presence of haze. Adopting the transfer learning 
strategy with bottleneck features and then applying dehaz-
ing algorithms––namely, AOD-Net, GCANet, PFFNet, and 
FFANet––improved the mAP scores for the VGG-16 and 
VGG-19 classification models. However, conventional dehaz-
ing algorithms––namely, BCCR, CAP, DCP, and FVR––did 
not substantially improve the performance of classification 

Fig. 6   mAP scores of detection models for dehazed images
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models, supporting the findings of Pei et al. [8]. The VGG-16 
and VGG-19 likely performed well because of their deep lay-
ers. Notably, most of the synthetic hazy Caltech-256 images 
have frontal views of objects and for that the deep learning-
based dehazing methods (AOD-Net, GCANet, PFFNet, and 
FFANet) have demonstrated better dehazing results. The 
ResNet-50 classification model did not achieve substantial 
accuracy when applied to clear, hazy, or dehazed images.

Our detection Case 1 experiments demonstrated that 
detection models are also vulnerable to haze and have 
greater difficulty completing detection tasks when encoun-
tering noisy images. For example, in the presence of haze, 
the accuracy of all detection models decreased compared to 
their accuracy in the context of clear images, with FRCNN 
most impacted, followed by YOLOv3, with EfficientDet least 
affected. In terms of dehazing, although we noted that AOD-
Net and GCANet improved the detection performance of 
both FRCNN and YOlOv3, using both dehazing algorithms 
with EfficientDet produced only minor changes in mAP val-
ues. Next, PFFNet improved the accuracy of FRCNN for 
all hazy levels, while it slightly improved the mAP scores 
of YOLOv3 for medium- and high-level hazy images and 
decreased the mAP score for low-level hazy images. Finally, 
FFANet’s dehazing performance was noted weak compared 
to the other three dehazing algorithms.

In detection Case 2, in which we trained the detection 
models on RTTS dataset, the FRCNN and EfficientDet 
performed better than YOLOv3. It was expected that the 
accuracy of the detection models would increase, although 
none of the four dehazing algorithms had a positive impact. 
It should be noted that the RTTS dataset contained noisy 
images with varying levels of haze, that is, where some 
images featured very low haze, while other images were very 
hazy. This led the detection models to achieve accuracies 
near to their hazy-trained mAP but preventing them surpass-
ing those performances.

Furthermore, the RTTS was a highly imbalanced data-
set, featuring more than 20,000 samples of cars and about 
10,000 samples of people, with the other classes featuring 
between 2,000 and 3,000 images. We believe that there 
should be more annotated classes and instances because, 
using the RTTS dataset, the detection models could detect 
objects from other classes as, for example, cars (i.e., false 
positives), as Fig. 14 shows.

Table 10 provides a broad overview of the experimen-
tal results, answering the question of whether dehazing 
improves the performance of vision models when applied 
directly as a preprocessing step. The overview indicates 
that AODNet, GCANet, PFFNet, and FFANet dehazing 
improved the accuracy of the classification models, with 
AOD-Net and GCANet more effective than FFANet and 
PFFNet. Meanwhile, BCCR, CAP, DCP, and FVR did not 
substantially improve the performances of the classification 
models.

In terms of  detect ion Case 1,  the dehaz-
ing algorithms––namely, AOD-Net, GCANet, and 
PFFNet––improved the mAP scores for FRCNN and 
YOLOv3. However, these dehazing algorithms performed 
poorly when applied with EfficientDet, and can lead to lower 
mAP scores. Meanwhile, in detection Case 2, the dehazing 
algorithms failed to improve the performance of any of the 
detection models.

There are several facts that high-level vision models did 
not perform very well though testing them on the dehazed 
images. First, the detection and classification tasks might 
have been too complex. Second, dehazing did not completely 
restore a hazy image to their haze-free version. Furthermore, 
both the haze addition and dehazing processes changes much 
of the image information considerably, introducing color 
shifts and distortions. This might have led the models to 
identify many objects in the dehazed test images as out-
liers or make otherwise false predictions. Likewise, using 
dehazing as a preprocessing step does not introduce such 
new information, which could improve the performance of 
high-level vision models [8].

Simply using more classy detection models will not 
improve the dehazing-detection cascade performance due 
to the domain gap between hazy/dehazed and clean images 
(on which typical detectors are trained) [53]. Thus, it is 
necessary to overcome the domain gap to improve efficient 
and reliable detection. To address the haze problem for 
vision systems, it is also essential to try various combi-
nations of influential dehazing/detection models, such as 
using a cascade of the AOD-Net dehazing model with the 
FRCNN detection model to detect objects in hazy images. 
However, such a cascade must be subjected to joint optimi-
zation [41, 54, 55]. Adopting the cascading strategy will 
improve dehazing performance and enhance the accuracy 
of high-level vision models. Meanwhile, constructing new 

Fig. 7   Accuracy comparison of detection models on clear, hazy, and 
dehazed images
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Fig. 8   Visual analysis of the performances of FRCNN and YOLOv3 with dehazing algorithms
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Fig. 9   Visual analysis of the performances of YOLOv3 and EfficientDet with dehazing algorithms
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loss functions represents another approach to strengthen the 
accuracy of vision models in the case of noisy images [56].

Our haze and dehazing analysis demonstrated the need for 
particular consideration of image degradation effects, which 
significantly impact high-level vision tasks. There is also a 
shortage of proper (i.e., featuring more classes and annota-
tions) and large-scale outdoor hazy datasets for detection 

tasks. Currently, RTTS is the only authentic hazy dataset 
of the RESIDE [51] benchmark that could be utilized for 
training and testing vision models. However, in its current 
form, RTTS represents an imbalanced dataset that is rela-
tively unsuitable for vision model evaluation, often resulting 
in false positives, and requires more diversity in terms of 
images, classes, and annotations.

6 � Conclusions

Most deep-learning-based vision models are trained and val-
idated using clear images, avoiding noisy, or hazy, images. 
However, such models are likely to encounter degraded 
images affected by haze, mist, and fog in real-time applica-
tions. Therefore, we have performed extensive experiments 
to study the effects of haze and dehazing on both detec-
tion and classification tasks. Few classification and detec-
tion models are trained and validated using hazy images, 
haze-free images, synthesized hazy images, and dehazed 
images. Our findings indicate that haze considerably affects 
high-level vision tasks. For classification tasks, few dehaz-
ing algorithms improved classification model’s accuracy 
to a trivial extent. Furthermore, in some instances, dehaz-
ing degraded or did not enhance classification accuracy. 
For detection tasks, we performed our experiments in two 

Fig. 10   mAP scores of the detection algorithms for hazy and dehazed 
images

Fig. 11   Visual analysis of the 
performance of FRCNN with 
dehazed images
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settings. Initially, we used the pre-trained weights on clear 
images and then tested hazy and dehazed images on the pre-
trained models to analyze their impact. Using dehazing as a 
preprocessing step with detection models partially improved 
their accuracy. Second, we trained the three detection models 

using a hazy benchmark dataset and then tested them on 
dehazed images. In this case, the dehazing algorithms failed 
to improve the accuracy of the trained models.

Our experimental findings confirm that deep neural archi-
tectures are vulnerable to haze, and that it is hard for them to 

Fig. 12   Visual analysis of the 
performance of YOLOv3 with 
dehazed images

Fig. 13   Visual analysis of the 
performance of EfficientDet 
with dehazed images
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Fig. 14   False positives detec-
tions

Table 10   Overview of experimental outcomes

Classification Task

Classification Model Hazy Levels BCCR​ CAP DCP FVR

Low-level haze mAP deceased mAP decreased mAP decreased mAP decreased
VGG-16 Medium-level haze mAP increased mAP increased mAP decreased almost same mAP

High-level haze mAP increased mAP increased mAP decreased mAP increased
Low-level haze mAP increased mAP decreased mAP decreased mAP decreased

VGG-19 Medium-level haze almost same mAP mAP increased mAP increased mAP decreased
High-level haze mAP increased mAP increased mAP decreased mAP increased
Low-level haze mAP decreased decreased mAP decreased mAP decreased

ResNet-50 Medium-level haze mAP increased almost same mAP mAP increased mAP increased
High-level haze mAP decreased almost same mAP mAP decreased almost same mAP

AOD-Net GCANet FFANet PFFNet
Low-level haze mAP increased mAP increased mAP increased mAP increased

VGG-16 Medium-level haze mAP increased mAP increased mAP increased mAP increased
High-level haze mAP increased mAP increased mAP increased mAP increased
Low-level haze mAP increased mAP increased mAP increased mAP increased

VGG-19 Medium-level haze mAP increased mAP increased mAP increased mAP increased
High-level haze mAP increased mAP increased mAP increased mAP increased
Low-level haze mAP decreased mAP decreased mAP decreased mAP decreased

ResNet-50 Medium-level haze mAP increased mAP increased mAP decreased mAP decreased
High-level haze mAP increased mAP increased mAP decreased mAP decreased

Detection Model Detection Task (Case-1)
Low-level haze mAP increased mAP increased mAP decreased mAP increased

FRCNN Medium-level haze mAP increased mAP increased mAP decreased mAP increased
High-level haze mAP increased mAP increased mAP decreased mAP increased
Low-level haze mAP increased mAP slightly increased mAP decreased mAP decreased

YOLOv3 Medium-level haze mAP increased mAP slightly increased mAP increased mAP slightly increased
High-level haze mAP increased mAP increased mAP decreased mAP slightly increased
Low-level haze mAP decreased mAP decreased mAP decreased mAP decreased

EfficientDet Medium-level haze almost same mAP mAP decreased mAP decreased mAP decreased
High-level haze mAP slightly increased mAP decreased mAP decreased mAP decreased

Detection Models For Detection Task (Case-2)
FRCNN Low-level haze mAP decreased mAP decreased mAP decreased mAP decreased
YOLOv3 Medium-level haze mAP decreased mAP decreased mAP decreased mAP decreased
EfficientDet High-level haze mAP decreased mAP decreased mAP decreased mAP decreased
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accurately classify and detect in the presence of haze. Nota-
bly, using dehazing directly as a preprocessing step for high-
level vision tasks represents an unpredictable procedure that 
does not lead to substantial improvements. However, dehaz-
ing has limited potential to improve performance on classifi-
cation tasks, even if robust dehazing algorithms are used. To 
improve the performance of vision models in hazy weather 
conditions, a dehazing-detection cascaded framework (sub-
jected to joint optimization) is a better approach. Adopt-
ing such a strategy would improve the dehazing network’s 
performance and, ultimately, model accuracy. Therefore, 
future research should focus on addressing such challenges, 
especially in the context of developing new high-level vision 
models.
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