



Adopting Artificial Intelligence and Machine Learning for conservation and animal ecology in protected areas: A case of gorillas and golden monkeys in Mgahinga National Park
Abstract: 
The golden monkey (Cercopithecus kandti) and mountain gorillas (Gorilla beringei beringei) is listed as endangered on the IUCN Red list. Despite the growing advancement and application of Artificial Intelligence (AI) and Machine Learning (ML) in wildlife monitoring and ecological studies, there remains a significant gap in their effective integration into conservation practices within Mgahinga Gorilla National Park (MGNP). The study aims to examine the potential application of AI and ML in improving data collection, monitoring, and conservation of endangered mountain gorillas and golden monkeys in MGNP, with a focus on assessing current monitoring methods, identifying existing challenges, and exploring how AI and ML technologies can enhance wildlife ecology and conservation efforts in the park. A descriptive research design was adopted, integrating both qualitative and quantitative approaches. Primary data were collected through field observations and structured interviews with park staff, including rangers, guides, trackers, veterinary personnel, and law enforcement teams. Secondary data were obtained from park records, satellite imagery, and existing literature. The study population consisted of 40 staff members, from which a sample of 28 respondents was selected using Slovin’s formula. Purposive and simple random sampling techniques were applied to select participants, with the individual serving as the sampling unit. Data were analyzed using SPSS to generate descriptive statistics. The study therefore concluded that the integration of AI and ML-based models is necessary to overcome current limitations by improving data processing, enhancing real-time monitoring, and supporting more accurate and timely conservation decisions. Overall, the study highlights the urgent need for adopting intelligent technological systems to strengthen wildlife monitoring, improve efficiency, and ensure the long-term conservation of endangered species and their habitats in MGNP. The study further recommends that the park invest in modern and updated equipment and tools, including advanced sensors, surveillance systems, and digital monitoring technologies. 
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Introduction

In the recent past, conservation efforts of endangered and threatened species have indicated urgent need of knowledge on how many individuals of the species in question exist in the area of study and their corresponding behavior (Sutherland, et al., 2024.  This calls for urgent need for Artificial Intelligence (AI) to handle estimates conventionally realized with statistical occurrence models and approaches which are informed by sample-based species observations (Van Andel et al., 2018; Bennin et al 2018). It is these observations on animals in their habitat through the use of imaging sensors paired with Machine Learning and Artificial Intelligence that can be used to detect, monitor and provide reliable information on animal ecology and conservation (Bennit et al., 2019; Rodrick, et al., 2019).
The declining rate of global biodiversity poses a significant threat to food security, ecological stability, and human welfare worldwide (Simlai and Sandbrook, 2021). Contemporary developments in the modern world have created new opportunities for innovation in biodiversity conservation. Artificial Intelligence (AI)-based solutions are increasingly being employed to monitor and evaluate conservation practices. Through the application of AI, researchers are able to extract valuable associations and insights from pre-processed datasets (Sutherland et al., 2024).

AI tools integrate multiple analytical techniques to identify useful information that might otherwise remain undetected (Kulkarni and Di Minin, 2023). In the context of conservation, AI also provides immediate and adaptive solutions to environmental challenges. Conservation AI enables the creation of simulations and representations for modelling the behaviour of physical systems (Sutherland et al., 2024). Furthermore, the application of AI technologies may offer improved perspectives on environmental issues, thereby facilitating the identification of effective strategies for their resolution (Simlai and Sandbrook, 2021). Consequently, AI-based platforms can enhance accessibility to advanced analytical tools for more effective biodiversity conservation.
In the same line, fast, easily available and consistent ecosystem data supported by smart technologies are urgently needed to achieve conservation goals.  International Organizations, national and local scientific networks are speeding up efforts to monitor the status and trajectory of ecosystems to inform these assessments (Valletta et al., 2017; Kuppala, et al., 2020).). Ecosystem assessments enable necessary understanding of ecological status by synthesizing multiple aspects of ecological changes including the interaction of animals, people and ecosystems (Beery at al., 2020)   Nevertheless, these kind of assessments have been observed to exhibit limitations due to the fact that they are usually intermittent, year on year projects that make the data obtained difficult to be integrated  into human activities (Gabrys,  2020).  
Studies by Benkler (2019) indicate that in some developing countries, the management and conservation of animal species rely heavily on data collection conducted by human field workers who count animals, observe their behaviour, and patrol natural resources. These approaches are often time-consuming, labour-intensive, and costly (Schneider et al., 2021; Tuia et al., 2022). They may also produce biased datasets due to difficulties in controlling observer subjectivity, alongside challenges in ensuring high inter-observer reliability. In addition, unavoidable responses of animals to observer presence can further affect data quality (Gabrys, 2020; Stowell et al., 2019; Scholfield, 2019). Human presence in the field may also pose risks to wildlife (Weam et al., 2019), to habitats (Weinstein, 2018), and to the safety of researchers themselves. Moreover, the physical and cognitive limitations of human observers constrain the number of individual animals that can be simultaneously monitored, while also limiting the temporal resolution and complexity of data that can be collected, as well as the spatial extent that can be effectively covered (Yu, 2021; Tuia et al., 2022).
The potential for AI methods to process and analyse large datasets, identify subtle patterns, and generate novel insights offers promising opportunities for conservation and ecology (Kulkarni, and Di Minin,  2023).  AI and ML is used in combination to collect, and arrange datasets as well as generate useable information to interpret ecosystems and environmental changes from generative models. These have been shown to be generalizable even with no training data for a given task and can also reduce costs of training new models across range of domains such as animal identification, mating and migrations (Krenn, et al., 2022)

Furthermore, population estimates derived from extrapolation based on a limited number of point counts are often associated with substantial uncertainty and may fail to capture the spatiotemporal variability of ecological relationships, thereby resulting in inaccurate predictions and potentially inappropriate management decisions (Sherman et al., 2020; Tuia et al., 2022). Inadequate monitoring of animal populations also constrains the implementation of rapid and effective conservation interventions. For example, insufficient monitoring, partly due to the difficulty and high cost of collecting the required data, has been identified as a major challenge in assessing the effectiveness of primate conservation actions (Vidal et al., 2021; Tuia et al., 2022). This may contribute to the continued application of practices that are detrimental to endangered species. Similarly, the prevention of poaching requires intensive monitoring across rugged terrain and extensive protected areas, which remains a significant challenge when relying on conventional technologies. It has been observed that protected area managers invest considerable resources in detecting illegal activities and prosecuting poachers (Weinstein, 2018). Notwithstanding, rangers in most of the protected areas arrive to the spot always late to prevent illegal activities or apprehend the culprits.  That aside, Wang, (2019) argues that the tradition of human based data collection provides less underpinning of our understanding of where species are, how they live and why they migrate. These are some of the dilemmas in animal ecology and conservation which highlights the need for smart technology as the best method to be applied (Weinstein, 2018).
This supports a range of applications, including the mapping of species distributions and range extensions, monitoring the establishment and spread of invasive alien species, and detecting and identifying illegally traded species at customs checkpoints (Krenn et al., 2022). In addition, the identification and monitoring of individual organisms from images has become increasingly important. According to Simlai and Sandbrook (2021), the expansion of automated recognition of individual animals from images could facilitate more widespread and accurate assessments of population sizes, for instance through mark–recapture approaches. This may contribute to improved evaluations of species status and population trends, while also providing opportunities to quantify home ranges and identify movement patterns. Furthermore, the detection of previously unrecorded species from images, commonly referred to as novel category discovery, has been recognised as a significant application of AI in biodiversity conservation (Spelda and Stritecky, 2020).
Several authors argue that recent advances in sensor technology have significantly increased data collection capacity by reducing costs and expanding spatial coverage in comparison with conventional methods, thereby creating new opportunities for ecological studies (Audebert et al., 2019; Wrege et al., 2017). Many previously inaccessible areas of conservation interest can now be more readily monitored through the use of high-resolution remote sensing technologies, while large volumes of data are being collected non-invasively through digital devices such as camera traps, consumer cameras, and acoustic sensors (Christin et al., 2019; Tuia et al., 2022). Similarly, the use of advanced on-animal biologgers, including miniaturised tracking tags and sensor arrays equipped with accelerometers, audio loggers, cameras, and other monitoring devices, has enhanced the understanding of animal behaviour within their natural habitats (Farley et al., 2019). These technologies monitor movement and behavior of animals in exceptional detail  enabling researchers to track individuals across inaccessible areas and their daily activities at high temporal  resolution and hence revolutionizing the study of animal ecology and migrations as well as threats in their habitats (Duporge et al 2020)
Spelda, and Stritecky (2020) argue that this technique could accelerate the documentation of dark diversity especially in combination of DNA analysis. These approaches could be used both on images captured from the fields and from digitization of museum compliance could be as broad as measuring biodiversity gains promised by developers, analysing water quality from water ecosystems and detecting illegal deforestation from staelite imagery (Chen, et al., 2020) An obvious candidate area would be monitoring compliance with measures to mitigate commercial fishery bycatch. Bycatch of seabird species are resulting in mortality rates that are driving some species towards extinction (Xu,et al 2021)

Conversely, some researchers such as Benkler, V. (2019; Christin, et al., 2019)). argue that as much as these technologies such as AI play a crucial role in ecological aspects and conservation they have shortcomings  For example, Norouzzadeh, (2018) argues that there is a problem of mismatch between the ever growing volume of raw measures such as videos, images, audio devices and sensors acquired for ecological studies and our ability to process and analyze this multi-source data to derive conclusive ecological assessments rapidly  and at scale thus need for Artificial Intelligence (AI) (Hughey et al 2018 ; Waldchen,  and Mader (2018).  Ecology has entered the age of big data and is more and more reliant on sensors, advanced methodologies and computational resources. Over years, data processing and analyzing was a big challenge due to manual nature of tools which required human review of several images and sensed data (Haalek, and Risse, 2021). This therefore calls for methods for automatic cataloging, searching and converting data into relevant information that are urgently required  and have potential to broaden  and enhance animal ecology and conservation accurately(Harel et al., 2021; Rey et al., 2017). Applying AI through use of sensors, drones, satellite imagery  and computerized space and storage has penetrated animal ecology field for monitoring and conservation purposes.  These technologies help to observe animals, monitor populations and understand their behavior in their habitats (Hughey et al., 2018)
Besides, the use of AI in animal ecology, a growing body of research  promotes also the use of Machine Learning (ML) in various ecological subfields by encouraging field experts to embrace machine learning methods (Joppa, 2015; Bennin et al., 2018 ). These technologies can be used to capture big data and more recently, their potential has been applied for ecological studies.  For instance artificial intelligence and machine learning enable understanding processes underlying ecological patterns, rather than predicting patterns only. Undoubtedly, there is mounting interest in applying ML approaches to challenges in animal ecology and conservation (Haalek, and Risse, 2021; Waldchen, and Mader (2018).  ML methods have been noted and appreciated to favor a collaborative way that harnesses the expertise of the machine learning, artificial intelligence and animal ecology rather than an application of off-shelf ML methodologies to ecological challenges (Hein et al., 2018). Researchers in this field argue that the relation between ecology and ML should not be unidirectional rather integrate ecological studies into ML approaches which are essential to design models that are accurate in the way they describe animal behavior in their habitats (Desjonqueres et al., 2020; Stowell et al., 2019). To reach this goal of an integrated science of ecology, machine learning, animal ecology and artificial intelligence all need to work together to develop specialized datasets, tools, and mechanisms to help monitor these great apes in their habitats as well as their conservation (Joppa, 2015)).

Automated species recognition from images collected through devices such as camera traps and mobile phones has advanced considerably and is currently available through applications such as iNaturalist, Pl@ntNet, ObsIdentify, Google Lens, and Merlin (Spelda and Stritecky, 2020). However, ongoing advancements in AI are expected to substantially accelerate their implementation and application, including the development of real-time identification systems capable of generating alerts when specific species, unusually large numbers of individuals, or potential threats are detected (Xu et al., 2021). Furthermore, the expansion of image acquisition may be facilitated through citizen science initiatives, community-based monitoring, the collection of images from social media platforms, and the repurposing of existing datasets (Simlai and Sandbrook, 2021).
In Uganda, several legal frameworks relevant to AI-related oversight are already in place, including the Constitution, which establishes important benchmarks for the regulation and governance of AI. The Constitution provides for the role of the state in promoting agricultural, industrial, technological, and scientific development through the adoption of appropriate policies and enabling legislation (The Constitution of the Republic of Uganda, 1995). The increasing adoption of AI presents numerous opportunities that positively influence society, including enhanced productivity and efficiency for individuals, the health sector, civil society organisations, financial institutions, the media, manufacturing industries, supply chains, climate change and weather research, environmental management, academia, and scientific research, among others. Existing policy frameworks include the Uganda Vision 2040, which emphasises the significance of Science, Technology, Engineering, and Innovation (STEI) as key drivers of economic growth and social transformation. Furthermore, the Third National Development Plan and the National Fourth Industrial Revolution Strategy seek to accelerate Uganda’s development, with particular emphasis on the application of AI in the public sector to improve financial management, healthcare, revenue collection, conservation, and scientific research (Collaboration on International ICT Policy for East and Southern Africa (CIPESA) Report, 2025). 

Uganda has invested heavily in the protected areas especially those inhabited by the endangered mountain gorillas for majorly tourism purposes. Mgahinga Gorilla National Park (MGNP) is a critical habitat for the habituated gorilla group named Nyakagezi and golden monkeys (Committee, 2017; BMCT, 2019-2020). These great apes are critically endangered especially the gorillas which are the sub species of the mountain gorilla (Gorilla beringei,  beringei) which are part of the wider Virunga Landscape (IUCN 2022). The mountain gorilla is a significant component of Uganda’s natural heritage and holds substantial value for the country’s tourism sector. Similarly, the Mountain gorilla is closely associated with high conservation and ecotourism importance in the region. The Golden monkey is an Old World monkey species found in the Virunga volcanic mountains and is largely restricted to high-altitude forest ecosystems, particularly areas dominated by bamboo vegetation (IUCN, 2022). Owing to the gradual degradation of its habitat, compounded by historical and recent conflicts within its limited range, the golden monkey is currently classified as Endangered on the IUCN Red List (UWA, 2020) Thus with old methods of monitoring its habitat and behavior makes it more prone to danger which is why the urgency of the AI and ML technologies to solve the ecological situation(Committee, 2017)
However, the richness in the park is scantly known because of the limited research.  The protected area has limited research facilities and equipment to monitor and understand more about these two great apes in their habitats (Lucas, 2020)).  Even if the park is expected to be receiving big number of tourists, it has not been so due to limited data about the attractions, animal behavior and habitat changes. As a result, the park has over the years attracted few researchers especially in the area of how to apply technology to monitor and conserve these apes. Therefore, there is a research gap particularly on AI and ML use in conservation since there is limited scientific information on which to base decisions. Even with the limited available data, its storage and management is not done well (Desjonqueres et al., 2020; Sugai et al., 2019.). The specific objectives included:  i) To ascertain the potential benefits of developing a model that can be used to adopt AI and ML for animal ecology and conservation in Mgahinga National Park. ii) To determine the current methods used to collect data about gorillas, and golden monkeys by MGNP. iii)To investigate the challenges encountered by MGNP in collecting data and monitoring the gorillas and golden monkeys as well as the mitigation measures. 
Methodology

Description of area of study

MGNP is located in the curve of southwestern Uganda in Kisoro District approximately 10km south of kisoro town, bordered by the Republic of Rwanda to the south and Democratic Republic of Congo to the west. It covers an area of 33.7 km2 and lies at latitude 10 23i south and latitude 290 39i East. The park is contiguous with Parc National des Virung (240km2 ), and Parc National de Volcans (160km2 ) in Rwanda (UWA,2021). The park lies in Bufumbira county, Nyarusiza and Muramba sub-counties and adjacent to the three parishes of Gisozi, Rukongi and Gitenderi. The park is estimated to have 39 species of mammal though other sources give an estimate of up to 89 species. The larger mammals include the mountain gorillas (Gorilla beringei beringei ), buffallos (Syncerus caffe) and elephants (Loxondata Africana) (IUCN,2022)
In addition, Tuyisingize et al., (2023) argue that there are also the rare golden monkeys (Cercophithecus mitis kandti) and the blue monkey (Cercophethecus mitis sp) are known only to exist in Virunga mountain massif in addition to two other forests in Central Africa. The park is also a home to golden cat (Felis (profelis) aurata), side striped jackal (Canisadustus), black fronted duiker (Cephalophus nigrifrons), bushbuck (Tragelephus scriptus) and giant forest hog (Hylocheorus meinertzhageni). Finally, 79 bird species have been recorded in the park with many being endemic. This study mainly focused on the two big apes that is gorillas and golden monkeys (UWA,2021)
The study was majorly descriptive and used both primary data and secondary data. The study aimed to develop a model by use of the Artificial Intelligence and Machine learning parameters, annotations plus predictions. The primary data involved field visits and interviews with the respondents while the secondary data composed of the park reports, satellite imageries, the earlier research studies. The triangulation of the study was carried to get true depiction of the park by use of qualitative and quantitative approaches. The targeted population of the study was 40 staff and by using Slovenes’ formula the study population was 28 staff that included the guides, rangers, trackers, law enforcement team, gorilla doctors, and trans-boundary patrol team. The sampling techniques included the purposive sampling and random sampling. The sampling unit for this study was an individual. the map of the park was used to keep within the research area. Data collection tools included the structured questionnaire, interview and observation. The collected data was presented in tables, essay and figures. The study used SPSS and statistical analysis to determine the variance of data to determine variation of parameters from the norm which reflects the strength of need of technologies that enable the monitoring of animal ecology and conservation. 
Results

The main objective of this study was to develop a model that can use trained complex web of algorithms on vast amounts of animal and habitat data to solve the animal ecology and conservation challenges. Findings indicated Figure 1 described how key data needed for the model to function and play its role were fed in the model. For example these included images, audio recordings, sensor readings, and genetic information. By analyzing these diverse data inputs, the model learns to recognize patterns, predict behaviors and most important make informed decisions.  The Model in figure 1 has got two main arms that is the Artificial Intelligence arm that has got the overarching intelligence guiding the model and involves its ability to learn, reason and adapt. Then the machine learning arm which is the engine driving the models learning process, allowing it to analyze data and improve its accuracy over time. 

Findings revealed that the study is crucial, and therefore the artificial intelligence and machine learning model can be adopted to uncover habitat details and empower those in charge to understand more animal ecology and their habitats. Findings revealed that figure 1 comprised of four stages and the findings indicated that the first stage was the input section. This is the point where data acquisition was done and it involved gathering data that fueled Artificial Intelligence and machine learning process. Data was collected through various methods that included the camera traps that were hidden to capture images and videos of animals, providing insights into their populations and behaviors. Further, the acoustic sensors were designed to record animal calls or sounds, and aided species identification and monitoring.  Additionally, findings from mapped habitats and ecological changes as well as threats such as poaching, deforestation and encroachment were utilised. Besides, the chips that are devices usually attached on the animals particularly to monitor their movement range, to understand behavior and ecological relations were connected to computers and revealed the behavioral changes. Finally, the satellite imagery used revealed images of land cover changes, habitats or ecosystem disturbance. These findings according to the key informants enabled the authorities to track and curb illegal human activities such as deforestation and habitat degradation.
The next stage was model training which involved feeding the collected data into the Artificial Intelligence and Machine Learning models as indicated in figure 1. These models intricate the mathematical puzzles since they are trained to recognize patterns and extract meaningful insights from the data fed in. Training involved feature engineering that extracts relevant features from data, for example size, height, color, time of movement, feeding habits, mating displays, animal shapes from camera trap images or frequencies from animal calls. The model used a key factor of algorithm selection which chose the best-suited AI algorithm for the specific task, for example image recognition or time series analysis. 

The crucial findings indicated the stage of model application, which involved creating insights and details about the subject. Findings showed that, once trained, the models begin their work by transforming raw data into actionable data. It was the stage where automated species identification occurs and also population tracking is done by machine learning models that analyze GPS collar data, tracking devices helped tracking individual animal movements and mapping their territories. This is where AI algorithms analyzed camera trap images, automatically identifying different species, even in challenging conditions. Lastly, the key aspect of predicting animal and ecological threats was used where the AI models analyzed deforestation patterns, degradation patterns, poachers’ prone areas and climate data, thus predicted areas at high risk of ecological disturbance and animal habitat degradation
Lastly, the decision making stage where by the model indicated that findings garnered from AI and ML models allowed conservationists to make decisions. Findings from key informants indicated prioritizing conservation efforts by identifying the crucial areas with highest biodiversity or the most vulnerable species that needed more efforts to offer protection. Respondents argued that Anti-poaching patrols can be strengthened through deployment of rangers and trackers in areas flagged by AI especially in potential poaching areas. Findings also indicated that the model if adopted can be used to strengthen habitat restoration efforts as it could aid in selecting optimal locations for habitat restoration based on AI generated suitable data. Findings revealed that by integrating new data and refining algorithms, conservationists have the capability to improve the accuracy and effectiveness of these tools over time.
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Figure 1: The AI and ML model for conservation in MGNP
Derived from Schindler and Steinchage,  (2021).
The study findings in figure 2 highlighted the team involved in day today activities particularly tracking and monitoring the mountain gorillas and golden monkeys was revealed by the respondents to showed the following; According to the findings in figure 2, 36% of the participants, the main team that played a crucial role in monitoring and tracking these animals and their habitat was the trans-boundary patrol team. This team consisted of staff from Uganda Wildlife Authority from Uganda, Rwanda Development Board from Rwanda and Virunga National Park staff from DRC. Additionally, the findings indicated that majority of respondents as mentioned by 21% of them, argued that the guides were another team that brings data about these big apes and their habitats. This was highlighted in the results, which indicated   that these were always guiding tourists all over the park and so were able to record and identify any changes about ecological aspects and animals. Not only that, some of the respondents who totaled 18% agreed that trackers had got the responsibility of tracking and monitoring the animals in the park. The respondents said that these were trained to particularly follow up animals and habitat changes and give a report about any changes. The results further revealed that the rangers as pointed out by 11% of the respondents that these played a crucial role and are key in preventing poachers and encroachers with their fire arms to stop them from causing danger to gorillas and their habitats. Lastly,  the findings in figure 2, indicated that 7% of the respondents agreed that the gorilla doctors/veterinary doctors and law enforcement staff also played a crucial role in monitoring and recording any changes in animal behavior and ecological changes of the park.
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Figure 2: The manpower monitoring the animals in the park
The study findings in figure 3 indicated the key electronic devices and tools used by the park to monitor the animals and the ecological disturbance revealed that the majority of the respondents 24% concurred that the park used mainly the walk talkies. While the results also indicated that the second highest number 21% agreed that the park mainly relied on the telephones to monitor and protect the ecological disturbance. Additionally, the findings in figure 3, also revealed that the radio calls were another type of communication tool used to monitor and conserve the park and its animal. The findings indicated that 13% respondents revealed that the park used satellites to monitor the park animal behavior. The results indicated that monitoring was done through images and mappings of the ecological disturbance and animal behavior. Finally, the findings revealed that, 18% of the respondents agreed that cameras and GPs played a crucial role in the park to minimize ecological degradation and animal behaviors.
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Figure 3: Electronic devices used by the park
The study results in figure 4, indicated that the majority of the respondents equaling 22% agreed that the biggest challenge they encountered was the continuous stealth movement of these apes. The respondents further, argued that the gorillas moved from one point to another and sometimes crossed to Rwanda and therefore it makes it difficult to exactly know their true point of location. The findings also revealed that 20% of the respondents agreed that the park has few suitable equipment and tools that could be used to handle the monitoring of animal behavior and habitat changes appropriately. This was supported by a total 18%  of respondents who mentioned that the number of staff directly involved in animal tracking, monitoring and ensuring park safety was small. This overloads the staff and reduces their efficiency in performing their work.  In addition, the results highlighted by 15% of the respondents agreed that the rough terrain of the park was complex to maneuver and navigate in case one has to quickly reach the point of disturbance in the park.  Besides, 15% of the respondents pointed to the fact that equipment and tools required were expensive for monitoring animals and protection of the park. This has led the park to depend on few new equipment in addition to many old ones that hinder the efficiency of their work. Finally, the least number of respondents that totaled to 11% agreed that the challenge they always encountered was the expanse of the park. They argued that since the staff numbers are few and the equipment are not enough, the vast area of the park makes it hard for them to effectively monitor animal behavior, ecological disturbance and protect the park.
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Figure 4: The challenges faced by MGNP to monitor the animals and the park
Discussion 
The developed  model in Figure 1 used trained complex web of algorithms with two sections that included the Machine Learning and Artificial Intelligence. First the machine learning arm which was the engine driving the models learning process, allowing it to analyze data and improve its accuracy over time.  The key data needed for it to play its role included images, audio recordings, sensor readings, and genetic information. This model also consisted of Artificial Intelligence arm that has got the overarching intelligence guiding the model and involves its ability to learn, reason and adapt to detect any changes in animal behavior or habitats. By analyzing these diverse inputs, the model learns to recognize patterns, predict behaviors and most important make informed decisions.. This was in agreement with research findings of some authors such as (Christin, et al 2019) who argued that use of Artificial Intelligence and Machine Learning supported by recent advances in sensor technology are drastically increasing data collection capacity thereby opening new avenues in ecological studies (Audebert et al 2019; Wrege et al., 2017).  In the same way, use of new on-animal bio-loggers, including miniaturized tracking tags and sensor arrays featuring accelerometers, audio-loggers, cameras and other monitoring devices help understand animals better in their habitats (Farley et al 2019).
The results of the study about the responsible personnel that is charged with the monitoring and protection of the apes and the habitats in the park were few. This creates inefficiency in their duties especially to catch the poachers or encroachers in case there is emergency. The findings found out that majority of the staff depended on traditional methods to patrol or monitor the park either on foot or rely on informers. These coupled with the vast area to monitor makes it difficult for them. These findings were in agreement with researchers such as Benkler, (2019) who indicated that in some developing countries, management and conservation of animal species are based on collection of data physically by human field workers who count animals, observe their behavior, and or patrol natural resources. Schenider, et al., (2021) agree that these methods are time-wasting, labor intensive, and expensive Failure to monitor animal populations impedes rapid and effective management actions.  This, has been noted as the main challenge in evaluating the impact of primate conservation actions and can lead to the continuation of practices that are harmful to the endangered species (Vidal et al., 2021). Notwithstanding, Weinstein, (2018) rangers in most of the protected areas arrive to the spot always late to prevent illegal activities or apprehend the culprits.  That aside, Wang, (2019)  argues that the tradition of human based  data collection provides  less  underpinning of our understanding of where species are, how they live and why they migrate. These are some of the dilemmas in animal ecology and conservation which highlights the need for smart technology as the best method to be applied (Weinstein, 2018).).

The key findings about the electronic devices used by the conservationists in the park included the telephones, walk talkies, satellites, hand cameras and GPs. These tools are highlighted by other authors such as Rey et al., (2017) as some of the inefficient methods used by protected areas to monitor and understand the changes in the animal behavior and habitats. Use of high resolution remote sensing  and devices such as camera traps, consumer cameras and acoustic sensors concurs with (Christin, et al. 2019).  Furthermore, methods for automatic cataloging, searching and converting data into relevant information that are urgently required  and have potential to broaden  and enhance animal ecology and conservation accurately (Harel et al., 2021; Rey et al., 2017). Researchers argue that applying Artificial Intelligence through use of sensors, drones, satellite imagery  and computerized space and storage has penetrated animal ecology field for monitoring and conservation purposes.  These technologies help to observe animals, monitor populations and understand their behavior in their habitats (Hughey et al., 2018)
Finally the study findings revealed that one of the biggest challenge faced in understanding animal behavior and habitat changes was limited equipment and tools which leads to time wasting and misinterpretation. Even is the mobility of the gorillas and monkeys was ranked highest but without suitable update equipment. These findings concurred with the findings of other researchers who point to the same hindrances. Schenider, et al., 2021 argued that  these methods are time-wasting, labor intensive, and expensive. They can also result in biased datasets due to challenges in controlling observer subjectivity. Further, the aspect of ensuring high inter-observer reliability and often unavoidable responses of animals to observer behavior as argued by Gabrys, (2020); Stowell et al (2019); Scholfield, (2019). Weam et al., (2019) adds that human presence in the field also poses risks to wildlife, their habitats and humans themselves.
Conclusion
The study concluded that due to increased threats to the ecological areas and gorillas as well as the golden monkey, their conservation was crucial. New technologies such as Artificial Intelligence and machine learning were deemed important in utilizing the generated data from fixed cameras, acoustic sensors, satellites, drones and tagged chips on animals. The model to utilize these resources was necessary and was  developed in order to facilitate the conservation of endangered mountain gorillas and the golden monkeys. It was concluded that the park played its role to protect the habitat and the apes by using the available limited equipment and tools such as telephones and walk talkies but there was a challenge of inefficiency in carrying out these activities. There was a challenge also of few personnel who were directly involved in the monitoring and protecting these endangered apes. In conclusion, there was a problem associated with terrain and vast area to be monitored which directly indicated   the crucial need of implementing Artificial Intelligence and Machine Learning models to facilitate the decision making in conservation of the habitats and monitoring animal behavior effectively and efficiently. 
Recommendation
· Basing on the findings discussed above it was recommended that Mugahinga Gorilla National Park should adopt the use of Artificial Intelligence and Machine Learning in order to improve on its data handling and processing that enhances the monitoring of gorillas, golden monkeys and ecological changes in the park.
· The study also recommended that the park should invest in acquiring the modern update equipment and tools that will facilitate its staff to have  better effective and efficient monitoring and conservation of the park.
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